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Liquid Residues in Fire Debris for Forensic Fire Investigation
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ABSTRACT RESULTS & DISCUSSION MATERIALS & METHODS

This study presents a deep learning workflow for source
attribution of ignitable liquid (IL) residues in fire debris,
using heated headspace solid-phase microextraction
combined with GC/MS (HHS-SPME-GC/MS) data. A
convolutional neural network (CNN) was trained on
pseudo-color chromatographic heatmaps to discriminate
among gasoline brands. The model achieved high accuracy
on neat and fire-degraded samples, demonstrating
robustness, minimal training data requirements, and
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Source attribution of ignitable liquid (IL) residues in fire
debris is a critical component of forensic fire investigation,
as It can provide investigative leads by linking residues to
potential sources. Gas chromatography—mass
spectrometry (GC-MS) is the current analytical standard for
identifying and classifying ILs [1]; however, brand-level
discrimination remains challenging due to complex
chemical profiles, fire-induced degradation, and matrix
interferences. Conventional statistical approaches often
require extensive feature selection and expert interpretation
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Figure 1. Process of model development.
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Recent advances in deep learning (DL) have demonstrated Training/verification Assessment
strong capabilities for learning hierarchical patterns from __ Table 2. GC/MS settings.
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Table 3. HHS-SPME settings.
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on neat ILs can learn to focus on consistent chemical
features and remain effective at discriminating between IL
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design, data preprocessing strategy, model development, Incubation temperature 80 °C
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and evaluation frgmework, along with .performanc.:e metrlgs . LOD (Neat gasoline sample): 0.39 ug per 20-mL HS vial. Desorption time 190 <
from neat gasoline samples and simulated fire debris + LOD (Simulated fire debris sample): 6.25 ug per 20-mL HS vial.  Ppost-fiber conditioning temperature 250 °C
samples to assess robustness and generalizability. Post-fiber conditioning time 600 s
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Table 1. Gasoline database.
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Sample preparation: (1) Neat gasoline samples: Gasoline samples
with 87 octane, from two brands (C and K), were collected at gas
stations in Houston, Texas. Stock solutions were made by dissolving 20
mg of each brand in 1 mL of methanol. Working solutions were then
prepared by serially diluting the stock in methanol to concentrations
ranging from 78 to 20,000 ug/mL (N = 9). For analysis, 5 yL of each
calibrator sample was transferred to a 20-mL headspace (HS) vial
(Supelco Inc.) for HS-SPME-GC/MS analysis; (2) Simulated fire debris
samples: Nylon carpet samples were purchased from a home
improvement store in Houston, Texas. A 16 cm? piece of the carpet was
burned with a butane torch (Bernzomatic, Chilton, WI) for 1 min in air.
Then, 5 yL of each calibrator sample was added to 250 mg of the
burned carpet in a 20-mL HS vial for HS-SPME-GC/MS analysis.

Instrumental analysis: A total of 198 HHS-SPME-GC/MS data were
collected. The database comprises a training, verification, and
assessment dataset, as shown in Table 1. An Agilent 7890B gas
chromatograph coupled with a 5975A mass spectrometer (Agilent
Technologies, Santa Clara, CA) was used to perform HHS-SPME-
GC/MS analysis of neat gasoline and simulated fire debris samples. The
HHS-SPME-GC/MS settings are detailed in Tables 2 and 3.

GC/MS data processing and transfer learning: The GC/MS data
were initially converted to NetCDF format using Agilent ChemStation
(Agilent Technologies, Inc., California, USA) for further processing in
MATLAB (MATLAB 2023b and Bioinformatics Toolbox, MathWorks,
Natick, Massachusetts, USA). To assist feature recognition and
differentiate between the sample headspace chemical signatures of
Brands C and K during transfer learning, retention times from 3.8 to
12.3 minutes and associated m/z values from 50 to 156 were selected
from the resampled signal to generate heatmaps for each GC/MS data.
These 2D GC/MS visualizations were created as pseudo-color
heatmaps that illustrate spectral intensities after applying a log
transformation within the selected m/z and retention time ranges (Figure
1). Those images were fed into a pre-trained CNN, GooglLeNet. The re-
trained GooglLeNet was used to discriminate “Brand C” and “Brand K”
samples. The transfer learning settings are shown in Table 4. Transfer
learning was also performed in MATLAB.

Table 4. Transfer learning settings.

Analysis type Condition
Mini batch size 10
_ Max epochs 20
Transfer learning o
Initial learn rate 1e-4
Validation frequency 6
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CONCLUSIONS

 Pseudo-color heatmaps retained the characteristic features of

gasoline chemical profiles across various brands, enabling
effective transfer learning with GoogLeNet.

« Retraining GooglLeNet did not need manual feature extraction.
« (GooglLeNet performed well with fewer than 150 training samples.
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