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1. Introduction

The Hybrid BiGRU-Transformer Forecasting System, which is intended to forecast daily crime
incidents in Austin, is fully documented in this configuration manual along with its architecture,
workflow, setup, and execution details. To produce precise time-series forecasts, the system
applies sophisticated deep learning structures, such as recurrent neural networks and attention
processes, to past police-recorded incidents. Future researchers or practitioners can easily
replicate, configure, and deploy this manual.

2. Overview of the Data

From unprocessed Austin crime data, the technology builds an organized forecasting pipeline.
It performs:

e Preprocessing of data

o Lag generation and feature engineering

o Generation of time-series windows

e Hyperparameter control and model training
o Five neural network designs are evaluated.
o Comparison of efficiency and performance
e Outcomes of prediction and visualization

The system's modular architecture allows each component to function independently, which
simplifies experimentation and troubleshooting.

3. Libraries Used

o numpy: Used for numerical operations, arrays.

e pandas: Handles data loading, preprocessing, cleaning, grouping, and time-series
manipulation.

o matplotlib.pyplot: Used for visualizations such as line plots, bar charts, trend graphs,
and heat maps

e seaborn: Creates visualizations of data

o os: Provides interaction with the operating system, such as file path handling,
directory access, and environment variable management.



e MinMaxScaler: Scales features into 0—1 range for stable neural network training.
e Metrics: Calculates MSE, RMSE, MAE, R2, and other evaluation metrics.

o TensorFlow & Keras: Primary deep learning architecture of creating and training
model.

o Time: Measures execution time, latency, and throughput of predictions.

rt pandas as pd
numpy as np port NumPy fo
matplotlib.pyplot as plt # Impc
seaborn as sns # Import Seabc or &
sklearn.preprocessing i inMaxScaler # i :
tensorflow.keras.callbacks i EarlyStopping, ReducelROnPlateau
m tensorflow.keras.layers import Input, LSTM, Dropout, Flatten, Dense
"t time
om sklearn import metrics
psutil
05
tensorflow.keras.layers import MultiHeadAttention, LayerNormalization, Add
import tensorflow as tf
tensorflow.keras.models import Model, Sequential

from tensorflow.keras.layers import GRU, Bidirectional

Figure 1: Importing Libraries

4. Environment Setup

4.1 Hardware Requirements

¢ Recommended GPU
¢ RAM: 16 GB minimum
o Storage: 5-10 GB free space

4.2 Software Requirements

e Python 3.11

o TensorFlow, Keras
e Pandas & NumPy

o Scikit-Learn

e Matplotlib, Seaborn



5. Dataset Description

Dataset: Crimes in the City of Austin'
The main fields that are used from the dataset

Column Description

Occurred Date Date of reported crime

Occurred Time Time of the incident

Council District Austindistrictunique code
Category Description Crime Type

Family Violence Binary domestic violence indicator
Highest Offense Description Most occured offense type
Location Type location of the crime

Incident Number Unique crime ID

6. Data Preprocessing
Dataset is loaded by using pd.read csv

df = pd.read_csv('/content/drive/MyDrive/crime_prediction/datase

Figure 2: Importing the Dataset

Time-series models require proper dates,
The figure 3 shows

dropna(subset=\['Occurred Date']): Eliminates all rows without the crime date.
pd.to_datetime(..., errors='coerce'): converts the Occurred Date field to a suitable datetime
type.

Actually, Family violence column is in text (Y,N)-for model to understand I converted
categorical value to numeric value 1,0(1-Yes,0-No)

te'], errors="coerce') # Convert 'Occurred Date' column

Flag'] = df[*Family Violence'l.map({'Y': 1, 'N'z @, 'n': @}) # Map

Figure 3: Cleaning the data

Figure 4 shows,

1. Stores the year in df['year'] after extracting it from the 'Occurred Date' column.

2. Stores the month in df['month'] after extracting it from the 'Occurred Date' column.

3. Stores the day of the week (0-6) in df['day_of_week'] after extracting it from 'Occurred
Date'.

4. Extracts the hour and stores it in df['hour’] after converting 'Occurred Date Time' to
datetime.

' https://catalog.data.gov/dataset/crime-reports-bf2b7
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r'] = pd.to_datetime(df

Figure 4: Date and tie feture extraction
7. Exploratory Data Analysis (EDA)

To better understand the underlying patterns in the crime dataset, many visualizations highlig
hting the temporal, spatial, and categorical elements of crime incidence were developed.
These visual insights are an essential component of the exploratory data analysis (EDA) proc
ess and help pinpoint areas that require attention in subsequent modeling and decision- making
phases.

8. Feature Engineering

from figure 5..., The code filters the dataset to include only theft incidents that occurred within
Council District 4. Following these filters, the data is grouped by the "Occurred Date" to
determine the total number of family-violence-related cases for the same period as well as the
number of theft incidents reported each day.

To maintain the natural time order, the resulting daily dataset is then sorted chronologically.
Several time-based features, such as the year, month, day, day of the week, and week number
of the year, are extracted from the date index to facilitate additional analysis and modelling.

district filter = [4.0]
category filter = ["Theft"]

.isin(district_filter)) &
1" ].isin(category filter
daily df = df.groupby( 'Occurred Date’).agg( # Gr

) -rename (columns={

daily df = daily df.sort_index()

daily df['ye = daily df.index.year

daily df[‘mo = daily_df.index.month

daily df[‘da daily df.index.day # Extract t

daily df[ ’'da eek'] = daily df.index.dayofweek act the da
daily_ df[ 'weekofyear'] = daily_df.index.isocalendar().week.astype(int

Figure 5: Data filtering and feature engineering

From figure 6...., To capture how past crime values affect current crime levels, I created lag
characteristics. I created three new columns—Ilag 1, lag 7, and lag_30—that show the number
of crimes that occurred one day, seven days, and thirty days prior, respectively.
Now the model can identify short-term, weekly, and monthly patterns in crime trends by these lag
features.
The code defines features col, which contains all predictors used for training, including temporal
features (year, month, day, day of week, week of year) and the newly formed lag features, after
generating the lag values and displaying the updated list of columns. Finally, I assigned target col
as the crime count.
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daily_df['1 = daily df['crime t'].shift(1)
daily df['lag 7'] = daily df['crime t'].shift(7)
daily df['l '] = daily_df['crime_count’].shift(30)

daily df.columns

Index(['crime_count’, ‘Family Violence Flag®', ‘year’, 'month’, ‘day’,
‘day_of_week’, ‘weekofyear’, "lag 1°, "lag 7°, 'lag 30°],
dtype="object")

features_col

target_col = [

Figure 6: Creating Lag Features

Figure 7 shows the relationship between each numerical feature and the target variable is
visualized in this stage.

We can see how strongly each attribute is related to crime_count by using the corr() function,
which calculates pairwise correlations between numerical variables.

numeric_merged _df = daily df.select dtypes(include=np.number)

corr_matrix = numeric_merged df.corr()
plt.figure(figsize=(15, 8)) # Set th

sns.heatmap(corr_matrix, annot=
plt.title(’Co
plt.show()

Figure 7: Generating Correlation matrix

9. Data Scaling

The figure 8, I used MinMax scaler to scale the target variable and the input features to 0—
1 range. It then delivers clean, scaled DataFrames that are prepared for time-
series windowing or machine learning.

from sklearn.preprocessing i MinMaxScaler
daily df = daily df.dropna() ove ro

feature_scaler = MinMaxScaler().fit(daily df[features_col].values) # Fit
target_scaler = MinMaxScaler().fit(daily df[target_col].values) # Fit anot

features_scaled = feature_scaler.transform(daily df[features_col].values)
target_scaled = target_scaler.transform(daily df[target_col].values)

features_scaled = pd.DataFrame(features_scaled, columns=features_col)
target_scaled = pd.DataFrame(target_scaled, columns=target_col)

Figure 8: Scaling the dataset using MinMaxScaler
10. Window Construction

Crime counts are grouped by relevant dimensions and transformed through feature
engineering and scaling.

Time-series windows (size = 15) are generated to convert the data into supervised learning
sequences.

To prepare input-output samples for model training, each window is paired with the target
value for the following day.



WINDOW SIZE = 15

f create_rolling windows_from

Xo¥i=LEEl # Initi ze ts to hold featu

for i in range(len(features_arr) - window_size):
X.append(features_arr[i:i+window_size])
y.append(target_arr[i+window_size])

X = np.array(X) o

y = np.array(y)

return X, y # Returr

Figure 9: Window Rolling for Time-Series Data

11. Train—Test Split

The dataset is split chronologically into 80% training and 20% testing to maintain temporal
order. This ensures realistic model evaluation on unseen future data.

X_all, y all = create_rolling windows_from_scaled(features_scaled.values, target scaled.values, window size=WINDOW_ SIZE

train_size len(daily df) * ©.8)

X _train = X_all[:train_size]
y_train = y_all[:train_size]

X_test = X_all[train_size:]
y_test = y all[train_size:]

Figure 10: splitting the data

12. Model Construction

Multiple architectures—LSTM, MLP, GRU, BiGRU, and a BiIGRU-Transformer hybrid—are
built and trained.

12.1 LSTM Model

Figure 11 shows implementation of a 128-unit LSTM model, and dense layers and dropout
for regularisation.

The Adam optimiser for regression is used to compile the model, and the evaluation metrics
are MAE and MSE loss.

from tensorflow.keras.models Sequential
from tensorflow.keras.layers Input, LSTM, Dropout, Flatten, Dense

model = Sequential(
Input(shape=(X_train.shape[1], X _train.shape[2])),
LSTM(128, activation="relu”, return_sequences=
Dropout(0.7),

Dense(64, activation='relu

Dropout(©.7),

Dense(64, activation=

Dropout(8.7),

Dense (64, activation="rel

Dense(32, activation

Dense(1, activation="linear # tput laye vith 1 neuro for regressi

)

model.compile(optimizer="adam’, se’,metrics=[

Figure 11: LSTM Model Architecture
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12.2 MLP Model

This figure 12 shows the MLP model, which flattens the input and then routes it through dense
layers with dropout for regularization.

tensorflow.keras.models Sequential
tensorflow.keras.layers Flatten, Dense, Dropout, Input

model = Sequential(]
Input(shape=(X_tra
Flatten( ), #F
Dense(128, activatio
Dropout(6.2),
Dense(64, activation
Dropout(0.2), Dr
Dense(1

model.compile(optimizer="adan nse’, metrics=[

Figure 12: MLP Model Architecture

12.3 GRU Model

Figure 13 illustrates a stacked GRU model that learns patterns from the time-series data by
using several GRU layers with dropout. The number of crimes for the following day is
predicted by the last dense layer.

GRU
Flow.keras.layers import GRU, Bidirectional

def build gru model(window ize, n_features):
model 10)
O return_sequences= » input_shape=({window size, n_features)))
)
)

model .

model .

model .

model. J

model . add (GRU eturn_sequences=

e’, metrics=["mae’])

n model

model = build_gru_model {(WIND » X_train.shape[2])

model . summary ()
Figure 13: GRU Model Architecture

12.4 Bi-GRU Model

This figure 14 presents a Bidirectional GRU model that processes the time-series data both
forward and backward to reduce the time-series data to capture more temporal patterns.
Learning and overfitting are enhanced by several layers of stacked BIGRU with dropout, and
the final dense layer is used to make a prediction.

Figure 14: BIGRU Model Architecture
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12.5 Bi-GRU Transformer Attention

This figure 15 shows the hybrid BiGRU-Transformer Attention that integrates temporal
learning in BiGRU with multi-head self-attention to detect long-range patterns more
effectively. It has layer normalization, residual connections and feed-forward layers to enhance
stability and accuracy of prediction.

> LayerNormalization, Ad
t tensorflow as tf
n tensorflow.keras.models img Model, Sequential

f build_gru_transformer_model(window_size, n_features, num_heads=4, key dim=32):
inputs = Input(shape=(window_size, n_features))

X Bidirectional (GRU return_sequences= ) (inputs)
X = Dropout(®©.3)(x)

# Step 2: Transformer-style 1ti i At i
attn_output MultiHeadAttenti > key dim=key_dim)(x, x)
Add()([x, attn_output]) R iua conr r

LayerNormalization(epsilol

nse(128, activation
Dropout(8.3)(x)
tf.keras.layers.GlobalAveragePoolinglD()(x)

outputs = Dense(1)(x)

model = Model(inputs, outputs)
model.compile(optimizer="adam’, loss='mse’, metrics=
1 model

# Buil del 2
model = build_gru_transformer_model (WINDOW SIZE, X_train
model.summary ()

Figure 15: BiGRU Transformer Attention Model Architecture

13. Evaluation

Figure 16 shows that testing forecasting models were evaluated on the test set that was held-
out with a mix of accuracy-based and efficiency-based measures. Mean Squared error (MSE),
Root mean squared error (RMSE), mean absolute error (MAE), Symmetric mean absolute
percentage error (SMAPE) and coefficient of determination (R2) was calculated using the
inverse scaled predictions against the actual number of crime per day. Along with such
measures of errors, three runtime measures were also taken: average latency per single
prediction, throughput of predictions per second when scoring the entire test set, and the overall
amount of time used to compute all test forecasts.

start_exec = time.time()

model .predict(X_test)
target_scaler.inverse_transform(y_test.reshape(-1, 1))
target_scaler.inverse_transform(predicted)

end_exec = time.time()
execution_time = end_exec - start_exec
bigru_mse = metrics.mean_squared_error(real_value, predicted)
bigru_rmse = np.sqrt(metrics.mean_squared_error(real_value, predicted))
bigru mae = metrics.mean_absolute_error(real_value, predicted)
=f smape(y_true, y pred):
r n 188 * np.mean(
* np.abs(y_true - y pred) /
(np.abs(y_true) + np.abs(y_pred) + 1e-8

predicted)
- predicted
metrics.mean_squared_error(real value, predicted))
', np.sgrt(metrics.mean_squared_error(real_yvalue, predicted)))
s.r2_score(real_value, predicted))

> metrics.mean_absolute_error(real_value, predicted))
= MAPE): "', str(round(mape))+'%")

Figure 16: Model Performance Metrics
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14. Conclusion

The current configuration document outlines the overall architecture and process of the crime
forecasting system, involving data preparation, feature engineering, model building and
evaluation processes. There were five different neural structures developed and compared to
each other, during which the capacity to learn both temporal dynamics and long-range
relationships was the strongest in the hybrid BiGRU -Transformer model. The recorded
methodology ensures complete reproducibility of the system and can be extended to further
researchers, therefore, extending the applications to increased usage in crime prediction and
timeseries forecasting tasks.

15. References

Dataset Source: https://catalog.data.cov/dataset/crime-reports-bf2b7
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