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1. Problem Statement

Climate change is driving warmer, drier conditions that
have lengthened wildfire seasons and intensified the fre-
quency and severity of wildfires across the United States.
Given the serious threat these fires pose to people, property,
and ecosystems, fast and early detection is critical to pre-
venting catastrophic damage. Manual monitoring, however,
is tedious and labor-intensive, motivating the need for auto-
mated solutions. To address this, we propose an agentic sys-
tem for wildfire detection, moving beyond the limitations of
traditional deep learning models.

2. Motivation

Modern wildfire detection systems typically involve the use
of a CNN with a single image input to identify smoke.
While CNNs excel at identifying visual patterns, false nega-
tives and positives often arise due visual similarity between
smoke and artifacts such as fog or clouds. Without im-
portant information like weather conditions or satellite fire
alerts, these systems lack important context. This is exacer-
bated by the absence of temporal information.

An agentic framework with LLM integration can adap-
tively combine information from many different sources,
such as visual outputs, weather data, and sensor readings.
This allows the system to make more informed and reli-
able decisions. Additionally, because they can selectively
use relevant tools instead of relying on a large, fixed model
pipeline, agentic designs can lead to faster and more adap-
tive detection in real-world scenarios.

3. Related Work

With the rise in popularity of deep learning (DL), re-
cent approaches to wildfire detection have moved away
from rule-based methods to DL systems such as CNNs or
LSTM[4-6, 10, 11]. These systems improve generalizabil-
ity at the cost of requiring large quantities of labeled and
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representative data. Evaluation across methodologies re-
mains inconsistent due to reliance on small, curated, or
synthetic datasets, limiting real-world generalization and
comparability[2].

Dewangan et al.[2] addressed the lack of data standard-
ization with FlIgLib, a labeled wildfire smoke detection
dataset comprising sequences of wildfire images captured
by fixed-view cameras on remote mountaintops in Southern
California. Each sequence includes images from approxi-
mately 40 minutes before and after the start of a fire.

Govil et al. [3] evaluated an Inception V3 CNN [8]
trained on a custom smoke dataset on FlgLib, but the au-
thors reported false positives/negatives due to the confound-
ing effect of fogs/clouds.

Dewangan et al. [2] proposed SmokeyNet, a computer
vision pipeline that combined three types of neural net-
works,a CNN, an LSTM, and a vision transformer,to lever-
age spatiotemporal information from FIgLib image se-
quences for smoke detection. Although mitigation against
false positives was taken, such as cropping the part of im-
ages that contain sky far above the horizon, the model still
confused low hanging clouds with smoke[2].

Bhamra et al. [1] extended SmokeyNet with weather and
satellite data. There was improvement to accuracy and time-
to-detect when weather was included as a tensor input, but
satellite imaging was found to be a weak predictor. This was
potentially due to misalignment between spatial and tem-
poral resolution between satellite images and FIgNet. The
problem regarding false positive rate persisted.

Xie et al. [9] created the LLM agent WildfireGPT, which
enriches an out-of-box LLM with domain-specific context
to provide users with insight on wildfire-related conversa-
tions. However, the interface was text-only and not natively
designed for detection.

Sandeep et al. [7] proposed an orchestrator-based multi-
agent system for multimodal wildfire detection and insights.
This model utilized a single unmanned aerial vehicle (UAV)



image and text pair as input.

4. Expected Outcome

We aim to creaet an agentic wildfire detection system
that addresses common false positives (misclassification
of fog, low-hanging clouds, and haze) documented across
SmokeyNet and similar models. The agentic system will
dynamically incorporate multiple information sources and
image sequences to make informed detection decisions.
The goal is a reduction in false positive rate on ambiguous
scenes with minimal sacrifices in recall or real-time latency,
which we will evaluate against the existing baselines on the
FIgLib dataset.

5. System Architecture

At a high level, our system can be decomposed into short-
term memory, long-term storage, tools for agents to call,
and the agents themselves. The agents are described in sec-
tion 7.

5.1. Short-term Memory
5.1.1. Frame Buffer

The frame buffer points to the most recent image frames
from a streaming camera, each of which has an update fre-
quency of one frame per minute. The frame buffer allows
the system to incorporate recent temporal context for smoke
detection. For this implementation, we utilized ten frames
per location and time pair in the evaluation set.

5.2. Long-term Memory

Long-term memory stores information needed during the
initial wildfire risk and priority assessment. Data scalability
is an important consideration as the ALERTCalifornia cam-
era network includes thousands of locations. Because this
information is only updated periodically, updates to long-
term memory would ideally be run asynchronously and the
results cached for later use. For the scope of this project,
location and test date vary per evaluation sequence and thus
location-specific information tools are called once at the be-
ginning of every test sequence.

5.2.1. Local NCEI Weather Stations

Nearby weather stations are located for each camera loca-
tion given an initial set of coordinates and a bounding box
of 200 miles. Stations are sorted by distance from the tar-
get location and stored as a JSON containing station ID,
station coordinates, available data types, and available data
type date ranges.

5.2.2. Climate Summary

We store a summary of historical climate data pulled from
local NCEI weather stations near the camera location. Up

to five of the nearest stations are queried for their available
datatypes. The Risk Assessment Agent determines rele-
vant monthly datatypes, queries data from the last year, and
stores it as an LLM-generated summary. As an example,
some datatypes commonly referenced within the summary
are average temperature, extreme maximum temperature,
and precipitation (mm).

5.2.3. Weather Summary

Similar to climate data, historical weather data is also
sourced from local NCEI weather stations. Due to station
data upload schedules, the weather summary is limited to
daily summary datatypes and not hourly updates. Some
datatypes commonly referenced within the summary are av-
erage daily wind speed, average relative humidity for the
day, and precipitation (mm).

5.3. Tools
5.3.1. NCEI API - Weather / Climate Information

This tool provides information about local NCEI weather
stations. It can verify the availability of data types at each
station or query stations for data. We estimate this tool to
have minimum impact on runtime, but delegating it as an
asynchronous task would remove latency altogether.

5.3.2. Farneback optical flow

This traditional optical flow tool provides initial smoke pro-
posal points through estimate dense pixel wise motion be-
tween consecutive frames. However, traditional optical flow
operates on the full image and may be sensitive to clouds,
noise, unrelated background motion, or camera artifacts.
We estimate this tool to have lower computational overhead
than the SAM?2 based optical flow.

5.3.3. SAM2 Point Tracking

SAM?2 Point Tracking Tool allows the agent to segment and
track potential smoke region acquired from Farneback op-
tical flow tool across frames. Instead of estimating motion
everywhere, this approach focuses on object level consis-
tency by propagating segmentation masks over time. This
allows the system to measure higher level temporal proper-
ties such as persistence, expansion, boundary diffusion, and
structural changes of the plume. It is generally more robust
to background noise but results depends on the quality of
the initial segmentation. We estimate this tool to be more
computational expensive.

5.3.4. SAM3 Prompt Tracking

SAM3 Prompt Tracking allows the agent to directly search
for and track potential smoke regions using the text prompt
“smoke.” It gives the agent the option to detect smoke in
cloudy or noisy frame sequences where traditional optical
flow may be overwhelmed by unrelated motion. SAM3 gen-
erally provides better segmentation and tracking quality, but
it is the most computationally expensive tool.



5.3.5. Siglip2

This tool provides additional global image context regard-
ing cloudy versus clear days on top of Gemma’s native
scene understanding and passed risk context.

6. Representation

Agent communication is enabled by textual representation
throughout the detection pipeline. Depending on the pro-
cess step, this will contain information of the following cat-
egories: scene context, risk context, detection state, and
loop control state. Not all fields are visible to all agents.

Scene context includes the camera ID, timestamp, loca-
tion, and a reference to the frame buffer. Timestamp and
location are extracted from the camera feed via OCR.

Risk context is updated for each camera’s local area. It
is comprised of the wildfire risk score, area priority, and
uncertainty factors. The wildfire risk score describes the
likelihood of a fire to start within an area and is rated as
low, medium, or high. The area priority is rated similarly
and is an indicator for the likelihood of a fire to become out
of control or be abnormally destructive. Uncertainty factors
describe informed predictions surrounding the risk of false
positives. For example, predicted haze due to a locality’s
dry climate increases the risk of false positives.

The detection state captures the wildfire smoke detec-
tion label, confidence score, bounding region (if smoke is
present), and chain-of-thought trace for the tool calls made.

The loop control state holds information on output cri-
tiques, recent confidence scores, and current iteration count.
It is used for planning to determine whether to terminate the
decision-critique loop, re-task agents with updated context,
or escalate to human review.

7. Agent Role

The system is divided into four specialized roles: planning,
risk assessment, primary smoke detection, and verification.
This separation makes the pipeline more reliable because
each agent focuses on a distinct part of the reasoning pro-
cess. The Primary Detection Agent focuses on visual evi-
dence, the Risk Assessment Agent provides environmental
context, the Critic Agent evaluates reliability, and the Man-
ager/Planner Agent coordinates the overall workflow.

This agentic design is intended to reduce false positives
and false negatives. False positives may occur when clouds,
fog, dust, glare, or camera artifacts resemble smoke. False
negatives may occur when early-stage smoke is subtle, par-
tially occluded, or only visible across multiple frames. By
combining visual detection, temporal reasoning, environ-
mental risk assessment, and independent critique, the sys-
tem attempts to make more robust decisions than a stan-
dalone classifier.
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Figure 1. Diagram of agentic workflow

7.1. Planner Agent

The Planner Agent acts as the central coordinator of the
workflow. It decomposes the smoke detection task, routes
information to the appropriate agents, assesses task com-
plexity and ambiguity, and determines whether the work-
flow should continue or terminate. Its inputs include outputs
from the Risk Assessment Agent, Primary Detection Agent,
and Critic Agent, along with the current camera frame, sys-
tem time, and any OCR-extracted timestamp or location in-
formation.

A key responsibility of the planner is deciding when the
system has reached a reliable conclusion. If the Primary
Detection Agent and Critic Agent agree with sufficient con-
fidence, the planner can terminate the reasoning loop for the
current timestep. If they disagree, it may request process-
ing of additional frames, trigger stronger models, call for
extra verification tools, continue the loop, or decide human
verification is required.

The planner also controls what information each agent
receives. For the Primary Detection Agent, it provides only
task-relevant information such as the desired confidence
level, time, location, and scene background. It does not
provide weather conditions, wildfire risk, or area priority,
so that the primary prediction remains grounded in visual
evidence. In contrast, the Critic Agent is given richer con-
text such as weather, area priority, and estimated wildfire
risk, allowing it to evaluate the plausibility of the primary
result more broadly.

As future work, the planner would ideally maintain
memory of recent indecision incidents and track larger un-
certainty trends to adapt the workflow.

7.2. Risk Assessment Agent

The Risk Assessment Agent estimates the local wildfire risk
and priority level for the monitored camera region. Since
environmental conditions change more slowly than visual
smoke patterns, this agent does not need to update with ev-
ery frame. Instead, it would ideally be run periodically us-



ing inputs such as camera location, current date, and avail-
able metadata.

Its output is the risk context: local wildfire risk, area
priority, and the likelihood of false positives under current
conditions. For example, a dry and vegetation-heavy region
near an urban area during fire season would receive a higher
risk and priority score than a barren and remote location.
This information is consumed by the Planner and Critique
Agents, but is not passed to the Primary Detection Agent so
as to avoid bias.

The Risk Assessment Agent uses the NCEI API tool to
summarize local climate and weather, which is ingested
at detection runtime to determine the risk context. As
future work, the agent could be extended with historical
wildfire perimeter information, locality-specific wildfire re-
trieval tools, and could help adjust the camera sampling rate
based on wildfire risk and area priority.

7.3. Primary Detection Agent

The Primary Detection Agent detects smoke in camera im-
agery. Its main input is the temporal frame buffer. This
allows the agent to reason about both the appearance and
behavior of a suspected smoke region. Temporal evidence is
important because smoke often drifts, expands, or changes
shape, while clouds, haze, glare, or static artifacts may be-
have differently.

To allow scalability, the Primary Detection Agent
uses the expensive SAM3 text prompt for smoke pro-
posal/segmentations/centroids tracking if own scene under-
standing over the frame buffer or risks context from pre-
vious agents contain clouds/fog/hazes. Otherwise, the Pri-
mary Detection Agent uses the cheaper optical flow for ini-
tial smoke point proposals and acquire segmentation and
centroids tracking through SAM2 point prompt.

The Primary Detection Agent distinguish clouds or other
atmospherical artifacts against smoke through reasoning
over smoke segmentations area changes and centroid move-
ments.

Its output is the detection state part of the system’s rep-
resentation: a smoke detection label, confidence score, and
the location of the suspected smoke region if smoke is de-
tected. It also provide a concise methodology summary de-
scribing the visual evidence and tools used, rather than re-
lying on hidden reasoning.

7.4. Critic Agent

The Critic Agent evaluates the reliability of the Primary De-
tection Agent’s output. It receives the full detection con-
text of detection label, confidence score, predicted smoke
location, tool-call chain, and methodology summary. It also
receives risk context information to increase or lower the
harshness of its judgement.

Unlike the Primary Detection Agent, the Critic Agent is

allowed to use broader environmental context. Its role is not
to make the initial visual prediction, but to judge whether
the prediction is reliable and whether the primary agent used
an appropriate method. For example, if the primary agent
reports smoke with high confidence but skips temporal anal-
ysis or plume verification in an ambiguous scene, the critic
may flag the result as unreliable.

The Critic Agent outputs whether it agrees or disagrees
with the primary label. It also critiques the methodology
and can recommend rerunning detection with stronger mod-
els or additional verification tools. The Manager/Planner
Agent then uses this feedback to decide whether to termi-
nate, request more evidence, increase model complexity, or
escalate to human review.

8. Method Overview

8.1. Compute Resources

LLM inference is provided by NRP Nautilus. Local CV tool
inference relies on a single NVIDIA RTX 4080.

8.2. Test Methodology

We evaluate our agentic system on a total of 40 FIgLib se-
quences sampled between 2020-2025, each with 10 frames
near the start of the fire. Upon manual inspection, we find
on average 8 of the sequences to not contain any detectable
smoke. We further categorize the test sequences into com-
plex or simple cases. Here, we define a video sequence to be
complex if it contains one or more of SmokeyNet’s typical
failure modes: low-hanging or fast-moving clouds, haze,
glare, camera artifacts, etc. A test sequence is simple if the
sky is clear and view of the smoke is unobstructed. Out of
the 40 test sequences, we find 24 to be complex and 16 to
be simple.

8.3. Prediction Label Evaluation

The classification output of our workflow is evaluated
across three metrics: accuracy, recall, and time-to-detect.

8.3.1. Accuracy and Recall

Accuracy and recall are vital to evaluate the automated de-
tection of wildfires. False positives can cause fatigue for
human staff who verify smoke prediction results and allo-
cate resources, but small rates of false positives are toler-
ated. False negatives can be catastrophic in regards to both
immediate harm as well as harm caused by a fire becoming
out of control.

8.3.2. Time-to-detect

First-responders and wildfire monitoring personal at CAL-
Fire aim for a sub-eight minute response time for wildfires,
including mobilization time. Incoming camera images are
sampled at a rate of one image per minute and thus both in-
ference time and the number of frames required to detect are



vital. As our test data is retrieved from archived examples
instead of live camera feeds, we are limited in our ability to
accurately report time-to-detect (TTD). For simplicity, we
only report the runtime in seconds from the beginning of
the risk assessment task to the final decision.

8.4. Priority Assessment Evaluation

Both risk score and area priority are reference-free evalua-
tion metrics, but important to ground in reality. As future
work, results should be compared to CALFire’s Fire Haz-
ard Severity Zone (FHSZ) database, which defines a hazard
score based on the factors that influence fire likelihood and
behavior. FHSZ hazard scores are limited to estimates of
wildfire probability, not impact. An area can have a hazard
score of none, moderate, high, or very high.

9. Implementation Details

The agentic system is an offline, auditable wildfire smoke
detection workflow over image frame buffers built with a
CrewAl framework. The implemented pipeline runs once
per ten input camera frames. It is implemented in a sequen-
tial manner for simplicity, but is able to run up to five loops.

The Risk Assessment Agent is split into two distinct
steps; it summarizes the climate and weather and then as-
sesses risk and priority. This seperation is to prevent the ex-
plosion of the agent context with its many tool calls, some
of which load the same data with different goals. After cre-
ating summaries, it generates the full risk context of ri sk,
priority, and uncertainty to pass to the Planner
Agent.

The planner agent sets CONFIDENCE_THRESHOLD:
high risk starts at 0.85, medium risk at 0.70, and low risk
at 0.55. This threshold controls how closely the Primary
Detection Agent and Critic Agent should agree before the
final decision is considered reliable. The planner may raise
the threshold when the loop produces cloud or fog false pos-
itives, or lower it when smoke is likely to be missed. It also
selects the initial vision route (SAM3 or traditional optical
flow) based on haze, clouds, fog, marine layer, or broad
horizon.

The Critic Agent receives the local weather and climate
summaries, risk assessment, planner instructions, and Pri-
mary Detection Agent output, then checks whether the re-
ported label is supported by visual evidence, source local-
ization, and temporal metrics. When SAM3 finds a smoke
candidate, the critic checks whether the optical-flow cen-
troid analysis was performed and whether the resulting mo-
tion is compact. Critic disagreement is passed forward as
an audit signal for the final decision, though we observe in
our results that this often leads to many false-negatives.

The vision path uses SAM3 text-prompt segmentation,
or traditional optical flow when appropriate, to produce

initial smoke candidates; SAM2 then tracks temporal per-
sistence, area growth, and centroid drift across the frame
sequence. Rather than treating a segmentation match as
a detection, the agent reasons over the resulting centroid-
movement and area-growth signals to separate smoke from
clouds or marine-layer fog. The working assumption is
that SAM3 text-prompt segmentation outperforms the tra-
ditional optical-flow and SAM2 path, and that the centroid-
movement / area-growth signatures of cloud and smoke ob-
jects are distinct.

The final decision policy requires both visual plausibility
and temporal plume behavior; growth or drift alone is not
treated as sufficient evidence when a cloud or marine-layer
explanation is plausible.

9.1. Model Parameters

Because the agentic workflow is dynamic, the total num-
ber of model parameters used in a given run depends on
which tools are invoked and how many reasoning steps are
required. Table | lists the parameter counts of the main
models available to the system. This separates the static
model sizes from the run time compute path, allowing us to
report a minimum workflow cost while still accommodating
more complex cases that require additional tool calls.

Table 1. Parameter counts for the models used in our system.

Model Parameter Count
Gemma4 31B
SAM3 0.9B
Siglip2 0.4B
SAM?2 Hiera Large 0.2B

9.1.1. Minimum workflow

In the minimum workflow, the system performs six
Gemma4 LLM invocations and one SAM?2 Hiera Large in-
vocation. Under this lower bound path, the cumulative pa-
rameter usage is

6 x 31B +1 x 0.2B = 186.2B.

This value should be interpreted as the minimum cumu-
lative parameter count across model calls, rather than the
number of unique parameters stored in memory. Additional
calls to Gemma4, SAM2, SAM3, or SigLIP2 increase this
total according to the tools selected by the agents during
execution.

10. Results
10.1. Final Decision Label Results

Table 2 reports performance by scene difficulty. We observe
perfect precision across the 40 test sequences, but only de-
tect smoke in half of the overall smoke sequences. Our



agentic system struggles more with complex scenes, pos-
sibly due to the small and transparent appearance of early-
stage smoke plumes within the 10-frame window, high vari-
ability in plume growth, and frequent confounders like low-
hanging clouds or haze.

10.2. Risk Assessment Agent Results

10.2.1. Climate and Weather Summaries

The climate and weather summaries were well-grounded in
NCEI weather station data and explicitly referenced these
in their summaries. Clearing the context before each sum-
mary allowed the agent to correctly assess the available data
and make informed decisions regarding which to include in
each summary. Commonly referenced datatypes for climate
were average temperature, extreme maxium temperature,
and precipitation. Weather summaries often mentioned av-
erage daily wind speed, average relative humidity, precip-
itation, and average temperature. Consistent references to
extreme temperatures and dry precipitation patterns are con-
sistent with the California Palmer Drought Severity Index at
the time of our evaluation data.

The summaries consistently mentioned an increased
likelihood of false positives during smoke detection due to
potential haze or clouds, where haze is due to dry condi-
tions. These likely informed the uncertainty output of the
risk assessment and may have biased the overall workflow
to be overly-cautious of false postives. Given the impor-
tance of recall over precision, this would need to be ad-
dressed in future iterations.

A notable limitation was the number of NCEI weather
stations within California. While NCEI does not explic-
itly list the number of available stations, many summaries
traced their reasoning to less than five stations. There were
also mentions of uncertainty due to the difference in ele-
vation or distance from the weather stations and the target
location.

Analysis was not performed on the tool-chain call in re-
gards to the usage frequency of datatypes. As future work,
it would likely be beneficial to identify key datatypes that
were largely overlooked and perform additional prompt tun-
ing to include these. Also, tracking usage and pre-querying
common data could prevent the need to call an LLM for rel-
evant datatype analysis. This could reduce cost or system
computation requirements.

10.2.2. Wildfire Risk and Local Priority

The wildfire risk and local priority were typically both re-
ported as "High”. The risk score is consistent with the ex-
pected assessment, as our evaluation data is all from times
of a wildfire incident or immediately preceeding one. The
largest contributing factors to risk assessment were aggre-
gated weather and climate information related to drought
and temperature.

Local priority is primarity determined by average wind
speeds from the previous week, though uncertainty is noted
in regards to current wind speed due to a lack of data.

10.2.3. Uncertainty

Uncertainty is consistently mentioned in regards to a lack
of real-time data for wind speed, fog/cloud conditions,
and historical fire perimeters. Wind speed and historical
fire perimeters inform priority; winds cause fires to spread
rapidly while historical fire perimeters provide information
on the quantity of fuel within an area. Fog/cloud conditions
inform the likelihood of false positives.

10.3. Planner Agent Results

The Planner Agent generally translated the Risk Assess-
ment Agent output into conservative downstream behav-
ior. The planner typically mentioned SAM3 and included
cloud/fog false-positive checks. In these cases, the planner
instructs the Primary Detection Agent to begin with SAM3
when atmospheric confounders are plausible, and to follow
any returned smoke candidate with optical-flow centroid
analysis. Because uncertainty from the risk assessment of-
ten mentioned fog, haze, or limited real-time weather data,
the planner frequently emphasized false-positive prevention
and close agreement between the Primary Detection Agent
and Critic Agent. This likely contributed to the perfect pre-
cision but low recall. The planner output was also relatively
long, which may have caused issues due to the context-
rot phenomenon. Future iterations should make risk and
priority more explicitly metric-based and shorten planner
instructions so that cloud/fog caution does not dominate
early-smoke detection.

10.4. Detection Agent Results

10.4.1. Centroid Analysis

When potential smoke is segmented and tracked by either
the SAM2 or SAM3 models, the Primary Detection Agent
demonstrates the ability to distinguish smoke, whose cen-
troid drift and cumulative motion remain relatively upward
and compact, from clouds that exhibit broad layer wise
movement. This reasoning works well when smoke does
not form a horizontal inversion layer near ground level.

10.4.2. Gemma’s Vision Understanding

The Primary Detection Agent’s underlying model is
Gemma4. Smoke segmentations that pass centroid analy-
sis are checked using Gemma’s vision capability to assess
source location. Based on the agent output logs during eval-
uation, Gemma’s scene understanding may have demon-
strated an ability to determine whether suspected smoke
segments originate from specific points in the terrain or veg-
etation. However, more testing is needed to draw a conclu-
sive claim about Gemma’s ability to understand the source
of potential smoke segmentations.



Table 2. Prediction results on the 40-sequence evaluation set

Precision

Split Sequences
All 40
Complex 24
Simple 16

Recall  Accuracy
1.00 0.50 60.0%
1.00 0.43 50.0%
1.00 0.64 75.0%

10.5. Critic Agent Results

The Critic Agent generally acted as an effective false-
positive filter. It frequently challenged smoke candidates
that looked like broad atmospheric layers, especially when
SAM3 returned large horizon-spanning masks or when
optical-flow centroid analysis showed broad layer-wise drift
rather than compact plume motion. In successful cases, this
allowed the workflow to reverse an initial SAM3 “smoke”
segmentation into a final no_smoke decision for low-
hanging clouds or marine-layer-like objects.

However, the critic also appears to contribute to the sys-
tem’s conservative bias. Because it was instructed to ag-
gressively check for fog, haze, clouds, missing temporal
evidence, and weak source localization, it sometimes ques-
tioned early smoke detections when the plume was small,
distant, or appeared near the end of the 10-frame window.
This likely helped maintain perfect precision, but may have
reduced recall by making the final decision overly depen-
dent on strong temporal evidence.

10.6. Case Study: Confounder Rejection

The clearest illustration of our system’s perfect precision is
the Otay Mountain West sequence (Border Fire, 2020-08-
28), a non-smoke scene with low-hanging clouds that has
induced false positives in prior work.

SAM3 text-prompt segmentation initially masked the
horizontally moving cloud as “smoke.” Further optical-flow
analysis revealed a broad-region signal with large centroid
drift (399.53 px) and no compact, localized motion. VLM-
based (Gemma) source localization found no terrain or veg-
etation point-source, and the agent reversed the SAM3 de-
cision, labeling the sequence no_smoke.

This highlights the capabilities of our agentic design, in-
corporating more nuanced agent reasoning and combined
tool-use in the overall detection label.

10.7. Failure Modes

10.7.1. Distant or transparent smoke

Faint, distant, or semi-transparent plumes cause SAM3
to return no candidate region, which propagates to a
no_smoke label. This is the primary reason for the low re-
call in complex scenes. Potential future directions include
recovering these candidates with the traditional optical-flow
+ SAM2 path on clear days, finding an alternative to SAM3

on cloudy days, and using optical flow to crop or anchor the
search region.

Another option is to experiment with the number of
frames included during detection inference time. Small
smoke plumes could be overly dilluted within our current
context, and thus reducing the included frames may prove
beneficial.

10.7.2. Late ignition

When a fire begins near the end of the ten-frame window,
the optical-flow reasoning chain has too little temporal ev-
idence and the agents discount an otherwise valid SAM3
detection.

A future direction to address this pattern is allowing Pri-
mary Detection Agents to access historical frames for the
camera location. Such explicit temporal information may
enable the agent to reason if the newly detected potential
smoke is connected from any specific terrain or vegetation
point sources, detect anomolies, etc.

10.7.3. Inversion Layers

Certain climates and weather conditions can make smoke
travel horizontally and breaks the low hanging clouds ver-
sus smoke reasoning that the Primary Detection Agent cur-
rently relies on.

Through applying domain knowledge and adding satel-
lite temperature data, we can make the reasoning regarding
smoke segmentation movement and growth aware of when
horizontal smoke is likely. This can prevent the critic or pri-
mary detection agents from misclassifying inversion layers.

10.7.4. Harsh critic

The risk assessment’s caution about haze and clouds prop-
agates into harsh critic behavior. This, along with potential
SAMS3 failures in complex cases, results in false negatives.

10.7.5. Runtime

The 200-300s loop is dominated by LLM calls. A mixture-
of-experts or smaller agentic model could reduce this,
though we have not explored it.
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