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Abstract. To attain "carbon neutrality," lowering urban energy use 
and increasing the use of renewable resources have become critical 
concerns for urban planning and architectural design. Traditional 
energy consumption evaluation tools have a high operational threshold, 
requiring specific parameter settings and cross-disciplinary knowledge 
of building physics. As a result, it is difficult for architects to manage 
energy issues through 'trial and error' in the design process. The purpose 
of this study is to develop an automated workflow capable of providing 
urban configurations that minimizing the energy use while maximizing 
rooftop photovoltaic power potential. Based on shape grammar, 
parametric meta models of three different urban forms were developed 
and batch simulated for its energy performance. Deep reinforcement 
learning (DRL) is introduced to find the optimal solution of the urban 
geometry. A neural network was created to fit a real-time mapping of 
urban form indicators to energy performance and was utilized to predict 
reward for the DRL process, namely a Deep R-Network, while nested 
within a Deep Q-Network. The workflow proposed in this paper 
promotes efficiency in optimizing the energy performance of solutions 
in the early stages of design, as well as facilitating a collaborative 
design process with human-machine interaction. 

Keywords.  Energy-driven Urban Design; Intelligent Generative 
Design; Rooftop Photovoltaic Power; Deep Reinforcement Learning; 
SDG 11; SDG 12. 

1. Introduction 

Energy consumption in the building sector already accounts for more than 38% of 
greenhouse gas emissions and has risen to prominence as a significant contributor to 
air pollution and global warming. With various countries implementing carbon 
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neutrality targets, reducing urban energy consumption, increasing the use of renewable 
resources, and enhancing the sustainability of energy systems have become critical 
issues for urban planning and building design. 

Accurate urban energy consumption prediction models are crucial for designers to 
predict the impact of planning and building design as well as decision makers to 
develop energy policies and pricing (Ahmad T et al,. 2021). Based on the technical 
framework of "Performance-driven Generative Design", this study proposes a data-
driven urban energy modelling approach and an energy-targeted generative design 
workflow. By introducing generative design and deep reinforcement learning, 
parametric meta models will undergo efficient design iteration in a controlled manner, 
ultimately converging to the optimal solution for energy performance. 

2. Related works 

2.1. ENERGY OPTIMIZATION IN THE EARLY STAGE OF DESIGN 

Building Energy Simulation (BES) has developed mature tools and applications over 
the last three decades. BES are a complex task that require expert knowledge in a 
variety of disciplines, including building geometry, material thermal properties, and 
HVAC. Even the simplest simulations require a large amount of input data and a 
significant amount of time (Hong T et al,. 2019). Due to these characteristics, BES is 
difficult to intervene during the early stage of design, when information is scarce. Pil 
Brix Purup reviewed the research framework for developing early BSE tools, 
concluding that current software development and information integration remain 
significant barriers (Purup, P. B. et al,. 2020). 

2.2. URBAN ENERGY PERFORMANCE MODELING 
The majority of existing research has concentrated on evaluating and optimizing the 
energy consumption of single buildings (Lu S et al,. 2021). However, the principles of 
building energy simulation differ at various scales, and the scale effect cannot be 
ignored as the scale of energy simulation increases. There is still a dearth of effective 
tools for simulating energy consumption at urban scales. 

Abbasabadi's review discusses contemporary approaches to energy modeling, 
including data-driven approaches and physical-based simulations (Abbasabadi, N. et 
al,. 2019). BES at the urban scale using a physical-based approach is a difficult task, 
and because no form has been developed during the early stages of urban planning, 
urban BES programs and optimization engines must be linked to parametric models. 
Additionally, the conventional approach is incapable of dealing with nonlinear 
coupling relationships that are complex (Shi, Z. et al,. 2017). There is a need to develop 
a data-driven approach to district energy modeling in urban areas that is based on multi-
factor coupling.  

2.3. PERFORMANCE-DRIVEN BUILDING DESIGN 
To improve the interaction between design and performance evaluation, it is common 
to combine generative design, simulation programs, and multi-objective optimization 
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to create performance-driven generative designs (Nguyen A T et al,. 2014). As an 
important component of building performance, building energy optimization are 
combined with generative design to form energy-driven generative design. The results 
of the BES are established as the objective function for optimization. Energy-driven 
urban design will shape the urban form to accommodate energy infrastructure or 
technologies. 

Numerous relevant investigations have been conducted utilizing multi-objective 
optimization techniques based on genetic algorithms. However, if the generative 
design has an excessive number of variable parameters, the search for optimal solutions 
can result in dimensional explosion. Increased dimensionality of the solution space in 
the urban context reduces the efficiency of the search and makes convergence more 
difficult. Cheng illustrates the obstacles faced by urban scale morphology optimization 
and proposes a reinforcement learning approach combining parametric geometry with 
BES engine to reveal the influence of urban design parameters (Chang S et al,. 2019). 
In this paper, we used deep reinforcement learning to determine the optimal 
performance. 

3. Method 

3.1. RESEARCH WORKFLOW 
This study is oriented towards the early stages of design, aiming to provide urban 
configurations that reduce energy demand and simplify and accelerate the BES 
process. In particular, the influence of the surrounding environment is considered, 
while providing near-realistic application scenarios in combination with the urban 
rooftop PV potential power generation prediction. 

Based on shape grammar, parametric meta models of three different urban forms 
were developed and batch simulated for its energy performance. A deep neural network 
named R-net are used to establish the mapping of key design parameters to energy 
consumption, which aim is to provide real-time energy performance predictions for the 
reinforcement learning process without going through the BES engine. Finally, the 
parametric model is optimized using deep reinforcement learning, and the optimization 
of the net urban energy consumption is performed using Deep Q network integrated 
with R-net to provide the high-performance urban model to be deepened. The research 
workflow is shown in the Fig 1. 

3.2. PARAMETRIC META MODELING 
Based on Grasshopper shape grammar, the urban generation algorithm developed in 
this study can adapt different base red lines as input to automatically segment the 
internal street contours and generate building models. According to the use of the base 
set to change the type, the urban form is divided into three types: single-point, enclosed 
and mixed. The secondary morphology control indexes are established, including floor 
area ratio (𝐹𝐹𝐹𝐹𝐹𝐹), building density (𝜆𝜆𝑝𝑝), average building height (𝐻𝐻𝑎𝑎𝑎𝑎𝑎𝑎 ), standard 
deviation of building height (𝐻𝐻𝑠𝑠𝑠𝑠𝑠𝑠), average street height to width ratio (𝐻𝐻/𝐷𝐷), shape 
factor (𝑆𝑆𝐹𝐹) and orientation (𝑂𝑂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟.), where orientation refers to the direction of the 
parametric modelling process's land cut axis. 
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The site is divided into equal areas as much as possible during the automatic 
generation of the street profile in order to avoid producing deformed land and wasting 
land. The corresponding volume is controlled by the morphological indicators in order 
to ensure the urban meta model adapts to the real application scenario. The site's 
division mechanism is depicted in Fig 2, and the meta model production operations are 
depicted in Fig 3. 

Figure 1. The research workflow 

3.3. PARAMETRIC META MODELING 

The Dragonfly plugin for Rhino & Grasshopper is used to calculate urban energy 
consumption. It utilizes OpenStudio as the calculation engine to run district-scale BES. 
For the purpose of predicting energy usage intensity during the early stages of design, 
default values for parameter settings such as the schedule and air conditioning system 
were applied. The fundamental parameters for the BES are listed in Table 1. 

Table 1. The fundamental parameters for the BES 

This calculation of energy consumption takes into account the HVAC system, 
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lighting, and electronic equipment. Simultaneously, the roof area of the building is 
extracted and the solar photovoltaic energy generation system is configured to operate 
at the fixed power level. Total energy consumption (𝐸𝐸𝑠𝑠𝑡𝑡𝑠𝑠𝑎𝑎𝑡𝑡) and total photovoltaic 
energy generation (𝐺𝐺𝑠𝑠𝑡𝑡𝑠𝑠𝑎𝑎𝑡𝑡 ) are included in the computation results. The term "net 
energy consumption (𝐸𝐸𝑛𝑛𝑎𝑎𝑠𝑠)" refers to the 𝐸𝐸𝑠𝑠𝑡𝑡𝑠𝑠𝑎𝑎𝑡𝑡 − 𝐺𝐺𝑠𝑠𝑡𝑡𝑠𝑠𝑎𝑎𝑡𝑡. 

Figure 2. (a) Example of a data tree, (b) Site division based on data tree 

Figure 3. (a) Generative process of single-point type, (b) Generative process of enclosed type, (c) 
Generative process of mixed type, (d) Three examples of parametric meta models 
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Dragonfly was created in 3 stages. Step 1, a single building simulation was 
performed, taking into account the shading of nearby buildings within 50 meters. Step 
2, the urban BES was converted into multiple single energy models. Because the 
functional ratios of the city have a significant impact on energy use patterns, the urban 
BES in this study was set up with three building types that were randomly assigned in 
the regional model: office building (𝑂𝑂𝑂𝑂𝑂𝑂𝑟𝑟𝑂𝑂𝑟𝑟 ) (15-35%), commercial building 
(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶.) (15-35%), residential building (𝐹𝐹𝑟𝑟𝑅𝑅𝑟𝑟𝑅𝑅.) (30-70%). Step 3, Large-scale single 
building energy consumption was calculated with parallel computing and aggregated 
as a training dataset for R-net. 

3.4. INTERACTIVE PERFORMANCE OPTIMIZATION BASED ON DRL 
This study uses deep reinforcement learning (DRL) to discover urban configurations 
with optimal energy performance. DRL is a branch of machine learning that has the 
potential to realise Artificial General Intelligence (AGI). The process of reinforcement 
learning is shown in Fig 4 (a). Reinforcement learning divides the world into two parts: 
the Environment and the Agent. The Agent interacts with the Environment by 
executing Actions and gets feedback from the Environment. In reinforcement learning, 
the feedback is represented in the form of Reward. The Agent learns how to interact 
with the Environment more effectively in the loop in order to maximize Reward. 

Through the application of dynamic tactics, reinforcement learning enables the 
acquisition of extra information and more efficient search in complex environments. In 
comparison, as traditional optimization method, genetic algorithms take a large number 
of static strategies and choose the most profitable method and its variants to develop 
the next generation of strategies. Such a static method is difficult to adapt to the 
increasing search dimension, particularly in light of the urban generation challenge. 

A typical DRL approach is Deep Q Network (Mnih, V. et al,. 2015), which uses a 
neural network to construct a Q-Net mapping from states to values (the sum of all 
possible future Rewards), and then executes the action with the highest value in the 
action space at each state, as illustrated in Fig 4 (b). 

The first step to optimization is to convert the urban generation process into a deep 
reinforcement learning process and to configure the environment. The urban 
parametric meta model is defined as the agent in our task, and the states and actions are 
defined in Fig 4 (c). Each moment can be represented by a collection of normalized 
feature parameters 𝒔𝒔𝑠𝑠  based on the prior specification of the extraction of urban 
morphological indicators and the scaling of building types. 

𝒔𝒔𝑠𝑠 ∈ ℝ𝑁𝑁,𝑁𝑁 = 10 
Where 𝑁𝑁  denotes the number of feature values, in this case,  𝑁𝑁 = 10 . 

Normalization is performed to eliminate the magnitude effect. By setting each feature 
value of the initial State 𝐬𝐬0  to 0.500, the action of the urban meta model at each 
moment is the combination of each feature value moving one Step distance to the left 
or right on the number axis since 0.500 which is shown in Fig 4 (c). Step is specified 
as the hyperparameter of DQN in this study. Given that some feature values remain 
constant throughout an action, the full action space 𝐀𝐀t is as follows: 

𝑨𝑨𝑠𝑠 ∈ ℝ𝑀𝑀 ,𝑀𝑀 = (� 𝐶𝐶𝑁𝑁𝑖𝑖
𝑁𝑁

𝑖𝑖=1
)2 
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where 𝑀𝑀 is the number of possible actions of the urban meta model. 

Figure 4. (a) Reinforcement learning principle (b) Markov decision process (c) Environment 
configuration: State and Action definitions (d) R-Net deep network architecture (e) Environment 

configuration: Reward definitions 

Figure 5. A nested Deep Q-R Network for DRL training 

The reward function still needs to be defined in the DRL environment 
configuration, i.e., to establish a mapping between the urban meta model and its energy 
performance. We compared several machine learning methods and selected the best 
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performing neural network to build the regression model, as illustrated in Fig 4 (d). The 
net energy consumption was calculated from the total energy consumption and the total 
PV generation for defining reward. The interval [-1,1] was used to map the value 
domain of net energy consumption. The corresponding reward is given according to 
the value of the normalized net energy consumption. We encourage the agent to 
perform morphological exploration beyond the batch simulation results, by offering 
the maximum positive reward. The reward function is defined in Fig 4 (e). 4 (d) and 4 
(e) together form the R-Net, which is used for later DQN training. 

DQN is a Temporal Difference (TD) algorithm using an Off-line policy. The Off-
line policy refers to the replay buffer, which may store experience and learn in small 
batches, enabling not only distributed training, but also avoiding the correlation 
between successive experiences. The TD algorithm is implemented by creating two 
deep neural networks, Q-Net and Target-Net. They are structurally identical except for 
the fact that the weights 𝒘𝒘 of Q-Net are updated in real time while the weights 𝒘𝒘 of 
Target-Net are updated in a delayed way to maximize training efficiency. In this study, 
a pre-trained R-Net is nested within the DQN network to ensure that the Q-Net can 
instantaneously observe the present moment of 𝑟𝑟𝑠𝑠 following the morphological change 
of the urban meta model. The improved DQN is illustrated in Fig 5. 

4. Results 

4.1. DESCRIPTIVE STATISTICS ON DATASET 

The batch urban BES engine was set up to randomly sample within the same site red 
line by connecting with a parametric meta model, and finally 444 total samples were 
collected as the dataset for descriptive statistics and machine learning. Correlation 
analysis was performed to establish a link between morphological control indicators, 
functional configurations, and energy usage. Pearson correlation coefficient results 
indicated that the outcomes were compatible with current morphological investigations 
and justified the dataset. The bivariate scatter matrix and correlation analysis of dataset 
are shown in Fig 6. 

Figure 6. Bivariate scatter matrix and correlation analysis 

4.2. COMPARISON OF MACHINE LEARNING MODELS 
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The purpose of using machine learning is to provide DQN with rapid reward feedback 
without the use of urban BES. This section compares numerous machine learning 
models using Scikit-learn, an open-source machine learning tool for Python, in order 
to avoid the effects of different machine learning algorithms' inductive preferences. 
Using the hold-out method, 80% of the 444 data were used as the training set and 20% 
as the test set to train machine learning regression models. Table 2 compares the 
performance of several machine learning models. The neural network outperformed all 
other networks in terms of RMSE and R2. Following that, a deep neural network was 
developed using PyTorch with hyperparameter optimization, and eventually, an R-Net 
was constructed to predict the reward of the DRL process. 

Table 2. Comparison of machine learning models 

4.3. OPTIMAL URBAN FORMS 
The DQ-RN environment was constructed in this study using the PyTorch deep 
learning framework, and the training process was accelerated using CUDA. By 
adjusting ℇ − 𝑔𝑔𝑟𝑟𝑟𝑟𝑟𝑟𝑅𝑅𝑔𝑔, several exploration and exploitation strategies were evaluated, 
and ℇ − 𝑔𝑔𝑟𝑟𝑟𝑟𝑟𝑟𝑅𝑅𝑔𝑔 = 0.8 was chosen for training. After up to 20 hours of training, the 
total reward curve exhibited a trend toward convergence. The end states of the 
extracted single-point type 11000 epoch, enclosed type 18300 epoch, and mixed type 
35300 epoch urban meta-models are shown in Fig. 7, and their net energy consumption 
has been drastically reduced relative to the beginning state. The mixed model's net 
energy consumption is already less than the dataset's minimum net energy 
consumption. Meanwhile, the trained models are adaptable to a variety of site boundary 
inputs, and the morphological optimal solution can be obtained in less than 100 steps. 

 Figure 7. Optimal urban forms of 3 urban types 

5. Results 
The purpose of this study is to develop an automated workflow capable of providing 
urban configurations that minimizing the energy use while maximizing rooftop 
photovoltaic power potential. Based on shape grammar, parametric meta models of 
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three different urban forms were developed and batch simulated for its energy 
performance. Deep reinforcement learning is introduced to find the optimal solution of 
the urban geometry. In this study, we propose an improved Deep Q-R Network, by 
nesting an R-Net within the DQN. This allows for real-time mapping of urban 
morphological factors to energy performance, guaranteeing that the deep 
reinforcement learning process is efficient. The trained model can be used for urban 
optimization search in similar scenarios and will provide several possible solutions in 
a short period of time, resulting in a net energy consumption reduction. 

Current research has limitations, such as DQN can only handle discrete behaviors 
of agent. In urban generation tasks, the design parameters vary as continuous values, 
so a hyperparameter Step had to be added in the paper to bridging this gap. However, 
such an operation also reduces the diversity of urban metamodel generation. In the 
future, combining adversarial generative networks (GANs) with parametric urban meta 
models will have the ability to deal with other design requirements like different 
distributions of volumes and aesthetic considerations. 
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