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Summary

Tree Preservation Order (TPO) is used to protect specific trees from damage and destruction, which is
determined in high subjectivity. This research collected and analyzed TPO data, aerial images,
geographic data, and socio-economic data in the Greater London area and developed a multi-input deep
learning (DL) framework to classify TPO-protected and non-TPO-protected trees. The synergy use of
aerial images and GIS data with the fusion model of ResNet50 and multilayer perceptron network
produced the best classification accuracy of 87.32%. The result indicated the robustness of the multi-
input DL model to identify the social attributes of trees compared with the single-input DL model.
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1. Introduction

The definition of Tree Preservation Order (TPO) in the UK requires to meet three conditions: 1) the
visibility of trees to the public; 2) the scarcity, the cultural or historical value of trees; and 3) the
contribution of trees to the surrounding landscape (Wright and Slater, 2017). However, TPO-protected
trees are currently managed in low capacity and efficiency because of the time-consuming field-survey
and subjective classification of TPO-protected trees. The pre-trained CNN network has a wide range of
applications in various image classification problems. ResNet50 model was applied to detect diseases
in plant images with a final recognition accuracy of 99.80% (Mukti and Biswas, 2019). Social attributes
of trees were commonly analyzed with GIS data to assess the aesthetic value, social equity, and
economic benefits of individual trees (Cox et al., 2019; Vaz et al., 2019; Wyse et al., 2015). The hybrid
fusion models that concatenated image-CNN model and neural network were applied to improve the
prediction in daily solar radiation prediction (Ghimire et al., 2022), tea plant diseases classification
(Krisnandi et al., 2019), medical diagnosis (Oztiirk and Ozkaya, 2021). However, there was no study
to fuse deep learning and neural network to classify social attributes of trees. It is worth exploring the
combination of high-resolution imagery and GIS data with a hybrid fusion neural network to classify
the TPO-protected trees. The overarching goal of this research is to develop a multi-source deep
learning framework to identify TPO-protected trees in a more efficient and replicable method in the
greater London area.

2. Data and methods

This research selected the Greater London area as the study area, encompassing the City of London and
its thirty-two surrounding boroughs. There are over eight million trees in the Greater London area
(The East London Garden Society, n.d.). Other data including tree canopy coverage/location data, high-
resolution aerial images with 25cm resolution, GIS (road network, building footprints, historical
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buildings, vegetation coverage, river network, and the boundary of nature reserve), and indices of
deprivation were collected (The University of Edinburgh, n.d.). Figure 1 showed the proposed
workflow to classify the TPO-protected and non-TPO-protected trees. Fine-tuned ResNet50 and
ResNet50V2 were employed to classify the tree image clipped from aerial images. The multilayer
perceptron (MLP) and the long short-term memory (LSTM) network were applied to classify the
geographical and socioeconomic features of trees. The multi-model fusion network was built by
concatenating output layers of the imagery classification model (ResNet50 or ResNet50Vv2) and
geographical and socioeconomic data classification model (MLP or LSTM) together with equal
weights. As a result, eight models have been trained to identify the TPO-protected trees. All data were
split into 8:2 as training and validation datasets respectively. Accuracy and area under the receiver
operating characteristic (AUC) that indicates the quality of the model's predictions were used as metrics
to evaluate the model performance.
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Figure 2 The Proposed Workflow to Classify the Tree Preservation Order (TPO)-protected and Non-
TPO-protected Trees. (RGB: Red, Green, and Blue; MLP: Multilayer Perceptron; LSTM: Long
Short-Term Memory)

3. Results and discussion

The overall accuracy of the eight models is demonstrated in Table 1. When using image data alone, the
performance of ResNet50 and ResNet50-V2 are very similar, achieving testing accuracy over 80%.
while ResNet50 acquired a slightly higher test accuracy of 0.35% and less than 8.45% in loss compared
with ResNet50-V2. For using geographical variables only, the MLP network and LSTM network could
achieve a testing accuracy of more than 80%. Models using geographical variables input produced
much better loss score (34.93% from LSTM and 42.58% for MLP) than that using image data (52.35%
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for ResNet50 and 60.80% for ResNet50V2), which implied the importance of geographical variables
in TPO-protected trees recognition. This result indicated the relationship between TPO-protected trees
and geographic factors, such as the distance to roads, buildings, green space, and poverty in each
borough. However, we did not find a consistent trend of TPO-protected trees in either distribution and
their relationship with geographic factors in each borough, which may result from a subjective
determination of trees’ social attributes. When using both data sources, the multi-model
ResNet50+LSTM and ResNet50+MLP could slightly improve the testing accuracy results by around
2% compared to the best result of using a single source of image data with ResNet50. In addition,
benefiting from the inclusion of geographical variables, the testing loss of multi-model networks is
much better than that of the single image data model, with approximately a 20% decrease. This suggests
that geographical variables played an essential role to adjust the model's judgment criteria and thus,
reduce the error rate of the model's predictions. Furthermore, the AUC results of multi-model networks
were also relatively high, and the best one was 0.944 produced by LSTM+ResNet50 (there was an
approximately 94.4% chance that these models would be able to distinguish TPO-protected trees and
non-TPO-protected trees), indicating a robust performance of the classifier. In this study, the output of
image classification and geographical variable were considered in equal weight to concatenate together
for the final determination of TPO-protected trees in the multi-model network. However, the two types
of data used in this project may not be equally important in predicting TPO-protected trees. This is a
factor that may affect the performance of our model and needs further study.

Table 1. Overall Results Using Models Trained on the TPO-Protected Tree Dataset. The Best Results
are Highlighted in Bold. (I: Imagery Data, G: Geographical and Socio-Economic Data, and AUC:
Area Under the Receiver Operating Characteristic).

Input Data ~ Model Test Accuracy TestLoss  AUC Training Time
(%) (%) (s)
G LSTM 84.55 34.93 0.925 825
MLP 80.47 42.58 0.886 301
| ResNet50 85.28 52.35 0.935 3750
ResNet50V2 84.93 60.80 0.929 3735
LSTM+ResNet50 86.66 39.91 0.944 3981
1+G LSTM+ResNet50V2 85.57 42.12 0.932 3749
MLP+ResNet50 87.32 39.15 0.935 3759
MLP&+ResNet50V2 85.39 45.18 0.921 3608

4. Conclusion

This research collected and analyzed the current status of TPO data in Greater London and built a multi-
model network to identify potential TPO-protected trees. Compared with traditional survey and single-
input deep learning models, this method can detect potentially TPO-protected trees with higher
efficiency and accuracy. The proposed method and study results have practical application value for
governments, real estate developers, and environmental organizations.

5. Acknowledgements

This work was made possible by the ESRC’s on-going support for the Urban Big Data Centre
[ES/L011921/1 and ES/S007105/1]. The authors want to thank the Lumiere Property and Mr. Geoff
Smith for their collaboration.

References

Cox, D.T.C., Bennie, J., Casalegno, S., Hudson, H.L., Anderson, K., Gaston, K.J., 2019. Skewed

contributions of individual trees to indirect nature experiences. Landsc Urban Plan 185.
https://doi.org/10.1016/j.landurbplan.2019.01.008

Page| 3


https://doi.org/10.1016/j.landurbplan.2019.01.008

Ghimire, S., Deo, R.C., Casillas-Pérez, D., Salcedo-Sanz, S., Sharma, E., Ali, M., 2022. Deep learning
CNN-LSTM-MLP hybrid fusion model for feature optimizations and daily solar radiation
prediction. Measurement 202, 111759. https://doi.org/10.1016/J.MEASUREMENT.2022.111759

Krisnandi, D., Pardede, H.F., Yuwana, R.S., Zilvan, V., Heryana, A., Fauziah, F., Rahadi, V.P., 2019.
Diseases Classification for Tea Plant Using Concatenated Convolution Neural Network. CommIT
(Communication and  Information  Technology)  Journal 13, 67—77-67—77.
https://doi.org/10.21512/COMMIT.V1312.5886

Mukti, 1.Z., Biswas, D., 2019. Transfer Learning Based Plant Diseases Detection Using ResNet50, in:
2019 4th International Conference on Electrical Information and Communication Technology,
EICT 2019. https://doi.org/10.1109/E1CT48899.2019.9068805

Oztiirk, S., Ozkaya, U., 2021. Residual LSTM layered CNN for classification of gastrointestinal tract
diseases. J Biomed Inform 113, 103638. https://doi.org/10.1016/J.JB1.2020.103638

The East London Garden Society, n.d. Protected Tree List for London [WWW Document].
http://www.elgs.org.uk/gn-tree-list-london.html.

The University of Edinburgh, n.d. Digimap [WWW Document]. https://digimap.edina.ac.uk/.

Vaz, A.S., Gongalves, J.F., Pereira, P., Santarém, F., Vicente, J.R., Honrado, J.P., 2019. Earth
observation and social media: Evaluating the spatiotemporal contribution of non-native trees to
cultural ecosystem services. Remote Sens Environ 230. https://doi.org/10.1016/j.rse.2019.05.012

Wright, M., Slater, D., 2017. Attitudes and approaches in London boroughs to the use of photographic
records in the justification, management and enforcement of tree preservation orders. Arboric J
39. https://doi.org/10.1080/03071375.2017.1392705

Wyse, S. v., Beggs, J.R., Burns, B.R., Stanley, M.C., 2015. Protecting trees at an individual level
provides insufficient safeguard for urban forests. Landsc Urban Plan 141.
https://doi.org/10.1016/j.landurbplan.2015.05.006

Biographies

Qiaosi Li is a Research Associate in Urban Sensing in the Urban Big Data Centre at the University of
Glasgow. Her research interest is remote sensing in urban environments and vegetation.

Mingkang Wang is currently a student of MSc Software Development at the University of Glasgow
and also an intern at Urban Big Data Centre. He studied at the MSc Urban Analysis of University of
Glasgow in 2020-2021

Yang Cai is MSc Urban Transport graduate on 2020-2021 at the University of Glasgow. His research
interests focus on spatial statistics, maching learning, deep learning and computer vision, with
applications in transportation, public policy and environmental monitoring.

Qianyao Luo is an MSc student in Urban Analytics at the University of Glasgow. She holds a BA in
Urban and Regional Planning. Her research interests focus on urban data science, spatial analysis, social
equity.

Zian Wang is an MSc student in Urban Analytics at the University of Glasgow. He holds a BA in
Geographic Information Science. His research interests focus on GIS analysis and remote sensing.

Page| 4


https://doi.org/10.1016/J.MEASUREMENT.2022.111759
https://doi.org/10.21512/COMMIT.V13I2.5886
https://doi.org/10.1109/EICT48899.2019.9068805
https://digimap.edina.ac.uk/
https://doi.org/10.1016/j.rse.2019.05.012
https://doi.org/10.1080/03071375.2017.1392705

Qunshan Zhao is a Senior Lecturer in Urban Analytics in the Urban Big Data Centre at University of
Glasgow. His research interests span urban analytics, spatial optimization/statistics, remote sensing,
and geographic information science, with applications in transportation, housing, public health, sensing
technologies, and environmental monitoring.

Page| 5



