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Abstract—Although object detection techniques have been
widely employed in various practical applications, automatic
tree detection is still a difficult challenge, especially for streetview images. In this paper, we propose a unified end-to-end
trainable network for automatic street tree detection, based
on a state-of-the-art deep learning based object detector. We
tackle low illumination and heavy occlusion conditions in tree
detection, which have not been extensively studied until now,
due to clear challenges. Existing generic object detectors cannot
be directly applied to this task due to aforementioned challenges.
To address these issues, we first present a simple, yet effective
image brightness adjustment method to handle low illuminance
cases. Moreover, we propose a novel loss and a tree part-attention
module to reduce false detections caused by heavy occlusion,
inspired by the previously proposed occlusion-aware R-CNN
work. We train and evaluate several versions of the proposed
network and validate the importance of each component. It
is demonstrated that the resulting framework, Part Attention
Network for Tree Detection (PANTD), can efficiently detect trees in
street view images. Experimental results show that our approach
achieves high accuracy and robustness under various conditions.
Index Terms—Tree detection, convolutional neural network,
deep learning.

I. I NTRODUCTION

T

HE tree has become an indispensable part for denselybuilt cities . The majority of the trees are planted along
the roads and play an important role in the city system. They
act as multifunction systems of dust and noise reduction , sunshade for pedestrians, etc. Therefore, monitoring their health
and growth is necessary [1]. The first and most important
task is to figure out their quantity. The government would
like to know the specific quantity of street trees in a given
area and the category of tree they belong to. In the past, this
problem can only be solved manually. Experts were asked to
go into the street, counting and classifying trees along the road
in sequence, which obviously required considerable human
resources and time. Recently, leveraging the usage of street
view vehicles, municipal administration companies can capture
a series of street view images in a short time. These images
are then sent to experts to detect trees manually via labelling
tools in the computer. However, the manual labeling task is
still boring and time consuming work. This made it difficult
to concentrate on this task for long periods of time, which led
to missing or inaccurate labels.
This problem can actually be formulated as a classic object
detection problem, which has been studied for decades in the
computer vision field. Especially due to the application of deep
learning techniques, e.g. deep convolutional neural networks,
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Fig. 1. Examples of three main challenges for tree detection from street-view
images. These problems strongly affect the performance of generic object
detectors, like Faster R-CNN [2], in this task.

both the accuracy and efficiency has been dramatically improved for general object detection in given images. However,
for some specific tasks, such as pedestrian detection [3],
diseased tissue detection in medical images [4] or surface
crack detection in metal materials [5], [6], [7], there are still
some problems to overcome. For the street tree detection
task, occlusion remains one of the most significant challenges,
especially in crowded scenes, as shown in Figure 1(b) and
(c). The captured image may also suffer from bad lighting
conditions in Figure 1(a). Occlusion generally consists of
two subtypes, inter-class occlusion and intra-class occlusion.
Inter-class occlusion is the situation where trees are occluded
by things or objects with other categories, while intra-class
occlusion occurs where trees are occluded with each other.
When we directly apply several state-of-the-art general object
detection frameworks, e.g. Faster R-CNN and YOLOv3, to
the presented street tree image dataset, the detection result is
usually found to be unsatisfactory. We find that the majority of
these false detections are caused by occlusion to a great extent.
Two adjacent trees along the street may even be integrated with
each other due to growth and development, making it hard to
tell them apart even for human eyes. There are several studies
dealing with the occlusion problem in object detection task.
However, none of them could be directly applied into the street
tree detection application and efficiently resolve the occlusion
problem between trees. On the other side, there is no existing
method proposed for detecting street trees. Therefore, we decide to propose a tree detection network to address this issue.
Specifically, we focus on addressing the occlusion problem in
the street tree detection task to improve accuracy. Overall, this
work aims to explore the use of deep learning based image
analysis to implement a tree detection method in street view
images, particularly in crowded scenarios. In addition, a simple
yet effective automatic image brightness adjustment method is
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also proposed to handle the low illuminance cases.
In this paper, we propose a Part Attention Network for
Tree Detection (PANTD), based on the Faster R-CNN [2]
detection framework to solve the problems above. Inspired
by [8], to handle partial occlusion, we propose a tree partattention module to replace the original RoI pooling layer in
the classical Faster R-CNN detector, which integrates the prior
structure information of tree structure with visibility prediction
into the network. That is, we partition the tree region into three
parts, and learn their corresponding weights with the classification results on the feature map. Specifically, we treat the
visibility score of each part as the weight parameter, predicted
via the learned sub-network, to combine the extracted features
of different parts for tree detection. In this way, our network
can focus on the visual part of trees, while suppressing the
useless feature map of occluded parts in the classification
task. In addition, to further reduce the false detections of the
adjacent overlapping trees, we expect the predicted proposals
not only to locate compactly to the responding objects, but
also to keep away from the other ground-truth objects, as well
as the other proposals, whose responding objects are not the
same. Thus, inspired by the work of [9] and [8], we design a
novel loss function, referred to as Tree Loss (TLoss). With
TLoss, the above two targets are achieved via minimizing
the internal region distances of proposals with the same trees,
and penalizing the overlap between proposals as whose target
are not the same. To the best of our knowledge, this is the
first paper to both detect street trees and handle its occlusion
problem.
We propose the first CNN based detector for street tree
counting and localization from street view images. Our detection method is mainly inspired by the recent work on
occlusion handling in pedestrians detection [8]. However, we
make two reasonable changes against their approach to adapt
it for meeting the specific characteristic in dealing with street
tree images:
1) To make the network more suitable for tree detection,
we divide the whole tree into three parts, instead of four
parts with the human image in [8]. For further encoding
the intrinsic structure of street trees more efficiently,
we elaborately design the ratio of those parts, which
is proven to be efficient in our experiments.
2) To further handle the heavy occlusion situations, we
embed the Repulsion Loss in [9] into the original loss
function, which also assists in the improvement in detection accuracy under heavy occlusion.
Overall, our contributions are as follows:
1) We present a fully automatic street-view tree detection
framework, based on deep learning techniques, which
results in favorable performance in the detection of street
trees.
2) We design an efficient part-attention module integrated
into the Faster R-CNN framework, which modifies the
classical RoI pooling unit to make the network focus
on visible parts of trees and overcomes the poor performance in detecting trees under occlusion situations.
3) We propose a new loss function to enforce proposals to

2

locate compactly to the corresponding trees, as well as
to keep away from the other ground-truth trees and their
corresponding proposals.
4) We publicly provide a street tree image dataset for
automatic tree detection research, which consists of over
2900 manually labeled street-view images. Each image
contains at least one tree, while most of the images
contains 2-5 trees.
This paper is organized as follows. Section II reviews the
related works with respect to two aspects, tree detection and
deep learning based detection approaches. The details of the
proposed algorithm are then presented in Section III. The
method is then experimented with and validated on the presented street tree dataset, including a description of the dataset
as well as the training details, as described in Section IV.
Section V ends this paper with conclusions and perspectives
on future promising work.
II. R ELATED W ORK
In this part, we divide our discussion on the related work
into two parts, focusing on tree detection and generic object
detection.
Tree Detection. Tree detection is a long standing research
problem in both remote sensing [10], [11], [12] and computer
vision [13], [14], [15]. There have been numerous attempts
to extract trees, in both the wild scene and urban scene, employing the state-of-the-art detection and pattern classification
algorithms in the remote sensing field for forest inventory.
Airborne laser and lidar are usually used to capture the 3D
point cloud of the trees. The trees are then detected from the
point cloud by analyzing their 3D structure information [16],
[17]. Aval et al. [18] proposed to detect individual trees along
the street from airborne hyperspectral data and digital surface
models. Nevertheless, 3D sensors, like laser scanner, are much
more expensive. Using high-resolution satellite images, Li
et al. [19], [20] proposed a two-stage convolutional neural
network for oil palm tree detection, obtaining the F1-score
of 94.99% in a study area of about 55km2 . In contrast,
normal 2D images are a cheaper choice. In the computer vision
field, a street tree is important information for the automatic
driving task. Videos captured by the vision system would be
preprocessed via analyzing the structure information before it
is used to assist the decision making. Segmentation is always
the first step. Most of the vision based automatic driving
techniques would first segment the scene, including trees,
captured by the cameras in the car [21]. However, this kind
of segmentation is a coarse analysis of street tree information,
which is unsatisfactory for tasks, like individual tree counting.
There are also some attempts on applying deep learning techniques into the detection of trees. For instance, Shah et al. [1]
developed a automatic framework based on a tree detection
algorithm and the quadcopter device to recognize and localize
trees for preventing deforestation. Their algorithm consists of
the state-of-the-art one-stage CNN based detector YOLO [22]
to detect trees, and monocular quadcopter flies to take image
pairs and locate detected trees via assigning GPS coordinates
of the quadcopter to them. Nevertheless, they directly employ
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Fig. 2. Overview of the proposed framework for automatic tree detection in street-view images. Some images with low illuminance are first pre-preprocessed
to present the details. Integrated with the proposed TLoss and tree part-attention module (TPAM), the tree detection network then can correct detect trees
under low illuminance and heavy occlusion conditions.

the generic object detector in [22] via finetuning in their own
dataset of trees. Thus, their tree detection module has a very
limited capability of handling the occlusion problem in tree
detection scenarios, due to the inherent characteristics of the
YOLO architecture.
Object Detection via CNNs. General object detection is
an important research area in computer vision [23], [24], [25].
Recently, with the application of deep convolutional neural
networks [26], deep learning based methods have come to
dominate the field of detection in recent years.
For generic object detection, deep learning based detectors
can be grouped into two categories, two-stage and one-stage.
In a two-stage approach, a sparse set of candidate proposals
are first generated using region proposal methods like Selective
Search [27], while the second stage classifier would filter out
the proposals belonging to the background. R-CNN [28] is the
first successful attempt to replace the second stage classifier
with a convolutional network, yielding large gains in accuracy.
Numerous improvements on this framework have since been
proposed [29], [30], [31]. Among them, Ren et al. [2] integrated the Region Proposal Network (RPN) with the secondstage classifier into a single convolution network, forming
the end-to-end framework Faster R-CNN. Despite achieving
high detection accuracy, two-stage methods are unsatisfying
in terms of speed. To achieve a balance between accuracy and
speed, one-stage methods [32], [22], [33] with deep networks
are proposed for real-time performance. It is noted that the
state-of-the-art one-stage detection system YOLOv3 [34] has
achieved at 28.2 mAP to process a single 320 × 320 pixel frame in 22ms. Recently, deep learning based detectors
have also been employed in some engineering applications,
such as defect detection [35], [36], [37]. However, very few
conventional vision-based algorithm and deep learning based
approaches specialize in tree detection tasks.

A. Image preprocessing
In this section, we present a simple yet effective approach
to increase the brightness of some input images to solve
the problem of missing detection caused by low illuminance
situations, as shown in Figure 4. Under the effect of bad
lighting conditions, some captured images have such low
illuminance that trees are very difficult to detect by the
proposed detector. Figure 4 shows an example of this situation.
As can be seen, even humans can barely figure out where the
trees are in such a image. However, this low illuminance issue
sometimes happens and would greatly hinder the performance
of the detection network. Thus, as a pre-processing step in
the proposed framework, an adaptive brightness increasing
algorithm is adopted to automatically judge whether the input
image is too dark and increase brightness accordingly, before
being sent to the subsequent detection module.
The input image S is first converted to a gray image, then
the average gray value g is calculated on it. If the average gray
value is less than 60, we then apply the following equation to
get the pre-processed image D. The threshold 60 is selected
by our experiments.

III. M ETHOD

D = ϕS + δ

We present a novel framework for the detection of street
trees in low illuminance situations and crowded scenarios.
Figure 2 shows the overview of our framework pipeline. The
method is comprised of two primary stages: (1) brightness
adjustment for input images and (2) street tree detection.
The first preprocessing stage is responsible for the adaptive
restoration for images with low illuminance, which would

increase the detection accuracy, as will be shown in the experiment section. Once the images are brightened, the second
stage focuses on the tree detection with the proposed network.
The detection network, i.e. PANTD, is based on the stateof-the-art two-stage Faster R-CNN detector, composed of the
ResNet backbone, region proposal network and the Fast RCNN [38] module, as shown in Figure 3. To address the
occlusion problem in street tree detection, we design a part
attention module and add it into the Faster R-CNN network.
We also propose a new loss function, TLoss, to further
alleviate occlusion via punishing proposals from shifting to
other ground-truth objects.

(1)
100
g ,

and δ is 10 in
where ϕ is adaptively set to be ϕ =
our experiments. The brightening operation is performed by
each channel. Note that the preprocessing operation can be
replaced by some other image preprocessing methods, such as
histogram stretching.
Our simple yet effective brighten operation in the preprocess
stage will result in a positive improvement in accuracy under
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Fig. 3. Network architecture of the proposed model for tree detection (PANTD). The pre-processed image is first sent into the ResNet101 [39] backbone for
intermediate feature map extraction. The Region Proposal Network with TLoss is then used to generate high-quality proposals from these feature maps. We
then feed the proposals into the tree part-attention module and Fast R-CNN model to finally determine the output result.

connections and batch normalization operations, ResNet is
easier to train deep models. Thus, we adapt the ResNet-101
pre-trained on the ImageNet dataset [43] as our backbone
network. ResNet-101 consists of 5 main residual blocks (i.e.
conv1, conv2 x, conv3 x, conv4 x, conv5 x), each of which
contains a set of repeated residual layers. In all, ResNet-101
architecture is comprised of 101 layers, which are repeated
convolution and pooling layers along with fully connected
layers. In our experiments, we choose the last layer of conv4 x
layers in ResNet-101 to use for predicting region proposals,
as in [39].

(a) Input with ground truth

(b) Result-Preprocess

(c) Result+Preprocess

Fig. 4. Predicted results on low illuminance cases. (a) Input images with
ground truths (red). (b) Detection results (green bounding boxes) of the
proposed framework without the brightness adjustment operation, in which
some ground truth trees are missed. (c) Detection results of the full framework
with pre-process.

such cases. As can be seen from Figure 4, the original input
images are too dark to recognize trees. However, without
preprocessing, it is surprising that the proposed network can
still detect some trees correctly under such low illuminance,
while still missing some. Furthermore, it is reasonable that our
framework detects all the trees with the brighten operation.
B. Part Attention Network for Tree Detection (PANTD)
Backbone Architecture. In deep learning-based object
detection architectures, the first component is normally a pretrained CNN with the output of an intermediate layer. As
the feature maps extracted by the pre-trained network could
lay a good foundation for the subsequent task, i.e. region
proposal and classification, the choice of the backbone network
is crucial. This is because the types of layers and the number
of parameters would directly affect the memory, speed and
performance of the detector. As verified in several works [33],
[40], ResNet [39] achieves a significant performance improvement in detection accuracy compared to the original VGG16 [41] and ZF-net [42] in Faster R-CNN. With residual

Region Proposal Network for Tree Detection. To generate good-quality tree proposals, we adapt a tailored region
proposal network over the convolutional feature map output,
by the last convolutional layer of the backbone model (ResNet101). Compared with previous region proposal methods, like
Selective Search [27], the RPN architecture adopts automatic
feature learning, instead of the traditional hand-crafted feature
extraction to significantly improve accuracy and robustness.
A region proposal network takes feature maps as input and
outputs a collection of bounding boxes (300 proposals), each
with a relatively higher confidence score. Similar to [44],
we accordingly modify RPN for the tree detection task.
Specifically, the aspect ratio of anchors is fixed to be 0.4
(width to height), as observed in this paper. Unlike generic
object detection, this modification can avoid accuracy decrease
caused by anchors of inappropriate aspect ratios. However,
for each pixel in the intermediate feature map, the number of
anchors is still nine, which is the combination of 9 different
scales, varying from 40 pixels height with a scaling factor
of 1.2. This is to handle the multi-scale cases. Moreover, the
architecture of RPN is implemented with a 3×3 convolutional
layer followed by two sibling 1×1 convolutional layers-a boxregression layer and a box-classification layer.
TLoss. Occlusion remains a significant challenge in street
tree detection, which usually leads to false detections of the
adjacent overlapping trees. These errors are usually caused by
predicted boxes shifting to neighboring ground truth trees, or
bounding boxes belonging to the union regions of overlapping
ground truth trees. Therefore, we expect that proposals should
locate compactly to the associated ground truth trees and stay
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Fig. 5. Illustration of the proposed Tree Loss. (a) An image with ground truth
label (red) and several proposals (green). (b) Repulsion loss: the proposal
should repel to the ground truth object, which is not its correspondence. (c)
Aggregation loss: the proposals corresponding to the same ground truth should
stay as closely to each other as possible. From these two constraints, false
detection via intra-class occlusion should be strongly relieved.

away from their neighboring ground truth trees, which are not
their targets, as shown is Figure 5. To this end, we introduce
the TLoss LT ree in the RPN module to realize the two above
constraints, which is the sum of the following two terms with
a balance weight:
LT ree = Lcls + α · LRep + β · LAgg

(2)

TLoss is made up of three components, Lcls , LRep and
LAgg , where coefficients α and β act as the hyper-parameter
to balance the two losses. Both of the two coefficients are set
to be 1. We calculate the classification loss Lcls by using log
loss over two classes, i.e. foreground and background,
1 X
− (p∗i log pi + (1 − p∗i ) log (1 − pi )) (3)
Lcls =
Ncls i
where p∗i and pi are the associated ground truth class label and
prediction of the i-th anchor, respectively. And Ncls represents
the number of anchors.
Symbolically, we let b = (xb , yb , wb , hb ) ∈ B be the
proposal bounding box, and g = (xg , yg , wg , hg ) ∈ G be the
ground truth object. (x, y) is the center point of the box in
image pixel coordinate system, w and h represent the width
and height of the box. B and G are respectively the proposal
and ground truth object sets in one mini-batch.
Repulsion Loss is designed to repel a proposal from its
neighboring ground truth objects, which are not its correspondence. Given a proposal bounding box b, the corresponding
ground truth object is defined as g b = arg maxg∈G IoU (g, b).
Its neighboring ground truth object gnb can then be defined as:
gnb = arg max IoU (g, b)
g∈G\g b

(4)

The repulsion loss can then be formulated as penalizing the
overlap between a proposal bounding box b and its neighboring
ground truth object gnb . We evaluate the overlap by Intersection
over Ground truth (IoG):
IoG(b, g) =

R(b ∩ g)
R(g)

We then calculate repulsion loss as:
P
smoothln (IoG(b, gnb ))
LRep = b∈B
|P |

(5)

(6)

where P is the set of all positive proposals as in [9].
Aggregation Loss enforces those predicted bounding boxes,
which are with the same target ground truth object, to be
compact with each other, reducing false detections of the
adjacent overlapping trees. Specifically, let K be the number
of ground truth objects associated with more than one anchor
0
0
in one mini-batch, and {g1 , · · · , gK } be the collection of these
ground truth bounding boxes. {I1 , · · · , IK } stands for the
index sets of the corresponding anchors of the ground truth
0
boxes. That is, ground truth gj are associated with anchors
indexed by Ij . The aggregation loss is then defined as:
P
PK
0
1
j∈Ii bi )
i=1 smoothL1 (gi − |Ii |
(7)
LAgg =
K
The smooth L1 loss is formulated as

0.5x2
if |x| < 1
smoothL1 (x) =
(8)
|x| − 0.5 otherwise
Tree Part-attention Module (TPAM). On the curbside,
street trees are often occluded by each other, as well as other
things such as cars parked along the road, which significantly
impedes the high accuracy performance of tree detectors. As
observed, bad detection performance is usually caused by the
invisibility of occluded parts, like the tree trunk or the crown,
in the whole tree. Thus, we propose to embed the part-based
detection model, which has been indicated to be effective
in handling occluded scenarios [45], [46], into the classical
Faster R-CNN detection framework. Specifically, we present
a tree part-attention module to integrate the prior structure
information of a tree with visibility prediction into the detector.
As shown in Figure 6, the integration procedure is achieved by
a micro neural network module, which estimates the visibility
of each part. After the tree proposals are generated by the
Region Proposal Network (RPN), we divide the whole tree
region into three parts according to the inherent structure of the
tree, as illustrated in Figure 6(a). Instead of directly feeding
the whole region of the feature map into the ROI pooling
layer, we first separately pool the feature map of each divided
part into a feature map with a fixed spatial size of H × W
(e.g., 7 × 7). These feature maps of parts are then assigned to
different attention weights, according to their visibility. Those
feature maps of occluded parts would be assigned to smaller
weights during combination. In this way, those visual parts of
the tree can compulsorily contribute more to subsequent tasks
like classification, which certainly leads to a higher accuracy
performance. The associated weights are decided by occlusion
scores, indicating the degree of occlusion. According to its
inherent structure, the division ratio of each part is given in
Figure 6(a). The whole tree area is divided into three parts,
two parts for the crown and one part for the tree trunk. All
three parts have the same width W
2 , while the height values are
2H
for
the
above
two
crown
parts
and H3 for the tree trunk
3
part. W and H are, respectively, the width and height of a
proposal bounding box.
In all, we define a part-attention module which performs a
weighting function over the visibility of the proposal to adaptively weight the outputs from the feature map of each part.
Leveraging the recently popular attention mechanisms [47],
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Fig. 6. Architecture of the tree part-attention module (TPAM). (a) Division ratio of three parts in a tree proposal. (b) Part-attention module. Each part pi ,
instead of the whole proposal region, is assigned to an attention score ai , then combined together. (c) The attention unit takes the part feature map as input
and outputs the weighted feature map.

the TPAM makes the Fast R-CNN module pay more attention
to the visible parts in the feature map. More specifically, let
ci,j denote the jth part in the ith proposal, and the attention
score ai,j of ci,j is estimated by the attention weight unit. As
shown in Figure 6, the attention weight unit is assembled by
three convolutional layers, followed by a softmax layer with
the log loss. Thus, the unit can be fed into feature maps of
each part and output corresponding predicted attention scores.
During the training procedure, the ground truth attention score
a∗i,j is computed in advance. That is

1
Θ > 0.5
a∗i,j =
(9)
0 otherwise
Attention score is formulated as the intersection between two
regions. Accordingly, Θ is defined as
Θ=

c
Ω(Ri,j
∩ Vi∗ )
Ω(Ri,j )

accuracy through ablation study. In addition, we compare
the proposed method with previous state-of-the-art detection
networks. We also describe the dataset used in our paper and
the training setting in detail.
TABLE I
D ETAIL INFORMATION ABOUT THE ORIGINAL STREET VIEW TREE IMAGES
DATASET.
Tree species
Platanus
Zelkova
Koelreuteria
Privet
Metasequoia
Lamucuo
Ginkgo
Total

No. of images
487
452
408
348
200
455
569
2,919

(10)

c
Ω(·) is the area computing function. Ri,j
is the region of jth
∗
part in ith proposal, and Vi is the visible region of the ground
truth object gi . From the definition, attention weight would be
1, if the intersection area between ci,j and the visible region
of corresponding ground truth object gi exceeds 0.5. Given
a image as input, the attention weights are computed by the
Attention process unit in Figure 6(c) . The attention process
unit would give a weight score to the given part, according to
the pixel content of the given part. Intuitively, the part without
occlusion would output a high attention weight, while the
occluded part would give a small weight value. The weights
in the Attention process unit are learned under the supervision
of occlusion score.

IV. R ESULTS AND D ISCUSSIONS
This section presents experiments carried out to evaluate
the performance of the proposed detection network. Various
visualized results are first shown on street tree detection. We
then illustrate the role of each proposed module in detection

A. Dataset
We apply the proposed tree detection network into the street
tree detection task. For training and evaluating the proposed
network, we present a new image dataset of street tree. Since
there is no existing street tree image dataset, we capture images
from 22 roads in the City of Nanjing in China by using street
view collection vehicle, equipped with a camera with five
fisheye lens. All five lens are set to take photos synchronously
in a fixed time interval, while the vehicle is moving uniformly
on the road. The five lens are calibrated in advance, thus, for
each shot, five pictures separately captured by each len can be
registered together, forming one unified panorama, as shown
in Figure 7. To discard regions belonging to the sky and the
road, this panorama is then projected into a hexahedral box.
Five images are generated accordingly, and only two images on
the left and right side are taken into our dataset. These images
are then annotated by a professional municipal management
company, which is cooperating with us on this project. The
LabelImg [48] tool is used to manually label the data. Our
tree dataset contains a total of 2919 labeled images, with 8297
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(a)

(b)

Fig. 7. (a) Street-view vehicle equipped with fish lens. (b) Example of original panoramic image captured by the street-view vehicle. The original images
can not be directly used as shown.

ground truth bounding boxes. The detail information of the
proposed dataset is described in Table I.
To train our tree detection model, we divide the dataset
into three groups, as shown in Table II. All the results in
this section are computed from the Test set. Note that we
also assign the ground truth bounding box with different label
according to their species in the dataset. However, we just
treat all different categories of tree as one class in this paper,
since we mainly focus on the tree detection task here. In the
subsequent work, we would further to classify these detected
trees, as mentioned in the future work part. Moreover, we
would also release the dataset on our website to accelerate the
research on automatic detection of trees.
TABLE II
D ETAIL INFORMATION ABOUT DATASET DIVISION FOR TRAINING AND
TESTING .
Group
Number of images
Number of trees

Training
2,200
6,251

Validation
200
535

Test
500
1,464

B. Training details
Given a street-view image with ground truth annotations,
we define the anchors are positive, when it has a Intersectionover-Union (IoU) score greater 0.5 with a single ground truth,
while anchors with less than a 0.3 IoU score are defined as
negative. When training the RPN, we randomly choose 256
anchors (128 positive and 128 negative anchors) to form a
mini batch. Then for each iteration, all the anchors in the mini
batch are used to calculate the classification loss using binary
cross entropy, with foreground anchors for the regression loss.
The stochastic gradient method is utilized to conduct forward
propagation, and compare the predicted results with the ground
truth and compute the loss, which is then backpropagated to
update the model parameters. The approximate joint training
strategy is adopted to save training time, while maintain the
accuracy. We train 60,000 iterations with an initial learning
rate of 0.001, momentum of 0.9 and weight decay of 0.0001

respectively. After 40,000 iterations, we change the learning
rate to 0.0001. The training and experiments are based on a
computer with a Core i7-8700K CPU, 16 GB DDR4 memory,
with an 8 GB NVIDIA GeForce GTX 1080 GPU.
C. Evaluation Metrics
To quantitatively evaluate the performance of tree detectors,
we plot miss rate (MR) against false positives per image (FPPI)
on a log scale, by varying the threshold on detection confidence, following [49]. For certain tasks with only one class of
target, e.g. pedestrian detection and defect region detection,
miss rate vs false positives per image curve is preferred to
precision recall curves in generic object detection. We then use
the log-average miss rate M R−2 as a single reference value
to generally summarize detector performance, which is similar
to the average precision. This value is computed in MATLAB,
by averaging miss rate at nine FPPI rates uniformly spaced in
log-space in the range 10−2 to 100 :
" n
#
X
1
M R−2 = exp
ln ai
(11)
n i=1
where n is set to be 9, and ai is the positive value corresponding to the miss rate at 9 evenly spaced FPPI point.
D. Qualitative Results
Inter-class occlusion cases. To verify the effectiveness of
PANTD under an occlusion situation, we test the proposed
method in various inter-class occlusion cases. As shown
in Figure 8, the captured images contain heavy occlusion,
where the crowns connect with each other into a whole.
It is almost impossible for a human being to distinguish
these trees from each other. As can be seen, the Faster RCNN misses some trees, since some boxes are shifting to the
intermediate positions. In contrast, the TLoss in our network
restrains the predicted bounding boxes from being too close
with other bounding boxes. Moreover, the predicted bounding
boxes are also forced to locate compactly with each other, if
their corresponding ground truth is the same. The proposed
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TABLE III
E FFECTS OF THE PROPOSED METHODS ( I . E . PREPROCESS , TLOSS AND PART- ATTENTION MODULE ) ON THE TEST DATASET. P ERFORMANCE IS
COMPUTED IN TERMS OF LOG AVERAGE MISS RATE . T HE LOWER THE BETTER .
Method
Base-line(Faster R-CNN)
PANTD-A
PANTD-B
PANTD-C
PANTD-D
PANTD-E
PANTD-F

+Preprocess

+TLOSS

+Part-attention module

√
√
√
√
√
√

√
√
√

√

M R−2 (%)
36.23
35.52
33.64
30.23
26.89
24.30
20.62

MR-FPPI

miss rate

PANTD-A
PANTD-B
PANTD-C
PANTD-D
PANTD-E
PANTD-F

(a) Input with ground truth

Faster R-CNN

Ours

false positive per image
Fig. 8. Inter-class occlusion case detection results. Some occluded trees are
missed by Faster R-CNN, while our model can correctly detect them.

Fig. 10. Quantitative evaluation of the proposed method with various
configure settings. PANTD-F is the algorithm with full configuration. The
lower the better.

Faster R-CNN detector misses them. The reason behind this is
that the RoI pooling layer in Faster R-CNN prefers to predict
those boxes with intact feature map. However, part occlusion
usually leads to an incomplete features, which can still be
captured by our part-attention module. When some parts of
the tree are missing which is caused by occlusion, the partattention mechanism will accordingly assign higher weight to
the visible part during the classification and regression stage
of candidate bounding boxes. Thus, our tree part-attention
network can still tell us if the candidate object is a tree or
not merely through visible parts.
(a) Input with ground truth

Faster R-CNN

Ours

E. Ablation Study
Fig. 9. Intra-class occlusion case detection results. As shown, even merely
part of trees can be seen, our method can still detect correctly.

TLoss avoids the mutual interference between the trees in
crowded scenes. Thus, the proposed approach displays much
better results in localizing the occluded trees, as shown in the
visualized detection examples.
Intra-class occlusion cases. We also compare our method
with Faster R-CNN on intra-class occlusion cases to demonstrate the robustness of the proposed part-attention module
under occlusion. Figure 9 verifies that the proposed network
succeeds in detecting the trees with just a part visible, while

To demonstrate the effectiveness of the pre-process stage,
TLoss and our part-attention module, we analyze the results of
our network trained under different settings of these modules.
We use Faster R-CNN as the base-line method. We set up 6
different network architecture, represented by PANTD-A(-F).
A-E stand for networks with one or two module embedded in,
as shown in Table III. The proposed method, which combines
the all three modules, is represented in PANTD-F. Through
this configuration, each proposed component could clearly
be evaluated. As can be seen from Figure 10 and Table III,
merely with the brightness adjustment process (PANTD-A),
the miss rate is reduced by 0.71 (from 36.23 to 35.52M R−2 ).

JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

0.982

0.997

0.992

0.965

0.971

0.995

(a)

(b)

0.926

0.897

0.629

0.372

(c)
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TABLE IV
C OMPARISON RESULTS ON THE TEST DATASET. P ERFORMANCE IS
COMPUTED IN TERMS OF LOG AVERAGE MISS RATE . T HE LOWER THE
BETTER .
Method
Fast R-CNN.[38]
Faster R-CNN[2]

M R−2 (%)
44.63
36.23

SSD[32]
YOLOv3[34]

40.99
39.53

Ours

20.62

0.919

0.904

(d)

Fig. 11. Some examples of the predicted attention score of the tree parts
using the proposed tree part-attention module. As shown, our method can
correctly predict how much attention should be paid to the parts, according
to their visibility.

Compared with the detector only with Pre-process, Preprocess+TLoss (PANTD-D) further reduces the miss rate and
achieves 26.89M R−2 , which confirms the effectiveness of
the TLoss. When we replace the RoI pooling layer with the
tree part-attention module (PANTD-C), it is observed that
the tree part-attention module has significantly improved the
performance with an impressive 6.00 promotion. The highest
overall accuracy is 20.62M R−2 by the proposed method with
complete configuration, demonstrating the effectiveness of our
method under bad lighting and heavy occlusion conditions.
Meanwhile, to further illustrate the mechanism of our
proposed tree part-attention module, some visualized results
of the predictions with attention scores of the corresponding
parts are given in Figure 11. Not surprisingly, we observe that
the proposed tree part-attention module can actually capture
the occlusion phenomenon in a real scene, in accordance
with the human visual system. As shown in Figure 11(a)
and (b), the attention scores are about 1, if the corresponding
parts are clearly visible. Nevertheless, when some parts are
occluded via car, bus or other trees, their attention scores
decrease accordingly, such as the occluded tree trunk and
crown shown in Figure 11(c)-(d). Consequently, instead of
passing the whole feature map with occluded parts using
conventional RoI pooling layer, the combination of weighted
parts, in this paper, is fed to subsequent layers. This can
naturally help the network focus on useful features, while
suppressing distractions from other objects in the occluded
regions, maintaining high detection performance under heavy
occlusion conditions.
F. Comparisons with Previous Methods
We conduct comparative experiments to evaluate our network on the proposed dataset and compare against both
state-of-the-art two-stage generic object detectors (Faster RCNN [2], Fast R-CNN [38]) and one-stage detectors (SS-

D [32], YOLOv3 [34]). Faster R-CNN is the most representative two-stage object detector using deep learning techniques,
composed by three main parts, i.e. a backbone feature extraction network, a Region Proposal Network (RPN) and a
classification and regression network. It ,for the first time,
introduces a high efficient region proposal algorithm called
the region proposal network, which uses the feature map from
intermediate layers of a standard classification network to
provide bounding box candidates covering potential objects.
YOLOv3 is the latest improved version of the state-of-the-art,
real-time object detection system You only look once (YOLO).
YOLO uses a single deep convolutional neural network to divide the input image into a grid of cells, which directly predicts
a bounding box and its object classification. YOLOv3 uses a
few tricks to improve training and increase performance on the
basis of its former version, including multi-scale predictions,
a better backbone classifier and so on. It achieves a extreme
trade off between efficiency and accuracy. Note that for a
fair comparison, the compared methods are also performed
in the preprocessed dataset. We retrain these networks using
train data on the proposed tree dataset. We fine-tune these
networks on the training set with their original weights as
initialization to reach convergence. The obtained results are
depicted in Figure 12 and Table IV. The proposed algorithm
achieves the lowest log average miss rate of 20.62. Compared
with the results of Faster R-CNN, Fast R-CNN, SSD and
YOLOv3, it can be observed that the overall performance
of the proposed network is improved and the robustness to
bad lighting conditions is significantly reinforced, verifying
the effectiveness of our proposed components, especially for
bad lighting cases.
In addiction to the quantitative results, we also adopt a
set of visual measurements to demonstrate the superiority of
the proposed method. Figure 13 shows the visual results by
Faster R-CNN, YOLOv3 and ours. From the first row, we can
see that all the methods succeed in detecting trees. However,
the predicted bounding boxes of our method fit best with
the ground truth bounding boxes, compared to the other two
methods. That is because we integrate the prior knowledge
of tree structure into the anchor box of the region proposal
network. In the last two rows, it can also be observed that our
method can more efficiently detect the occluded trees than the
other two methods.
As for the processing time, YOLOv3 is the fastest detector
undoubtedly, since it is a one-stage detector. However, the
processing time is not the focus in this work. The starting
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MR-FPPI

miss rate

Fast R-CNN
SSD
YOLOv3
Faster R-CNN
Ours
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a challenging problem. A possible future direction would be
designing efficient classification network to tell these trees
apart according to their species after they are detected. Furthermore, the proposed preprocess method is highly related with
the set of images used in this paper. It may lack the ability
of generalization to other image dataset. Thus, a more general
method for the low-illumination problem would be another
research direction of future work.
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false positive per image
Fig. 12. Quantitative evaluation of the proposed method with various other
methods. The lower the better.
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