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Abstract. We present our ongoing work on the veriFIRE project: a 
collaboration between industry and academia, aimed at applying ver-
ification to increase the reliability of a real-world, safety-critical sys-
tem. Specifically, we target an airborne platform for wildfire detection, 
which incorporates two deep neural networks. We present an end-to-end 
methodology for verifying consistency properties in this system. Our app-
roach encodes application-grounded requirements into solver-compatible 
queries for existing neural network verifiers. We study properties of inter-
est over critical operational scenarios: (i) monotonicity of detector con-
fidence as target intensity increases; and (ii) bounded detector response 
under physically plausible blur over the sensor. We instantiate these 
encodings using state-of-the-art neural net work verification backends and 
evaluate them at scale on real background samples. For the first property, 
all verification queries are solved in under five minutes. For the second 
property, verification is substantially harder, highlighting key scalabil-
ity challenges for richer, higher-dimensional specifications. Overall, the
results demonstrate that meaningful, domain-specific guarantees can be
obtained for industrial systems.

1 Introduction 

Deep neural networks (DNNs) are increasingly deployed in safety-critical 
autonomous systems [13]. Since failures in such settings can have severe con-
sequences, it is important to formally verify that a net work satisfies desired 
behavioral properties, rather than relying solely on testing [14]. To support 
this goal, a range of verification tools have been developed (e.g., Marabou [14] 
and α, β-CROWN [18,21,22]), demonstrating strong performance on standard 
benchmarks and the ability to s cale to networks of practical size.
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A central challenge in applying formal verification to learning-based systems 
is defining the properties to be verified. Unlike traditional software, whose behav-
ior is specified explicitly, DNNs are learned from data and therefore lack a direct 
formal specification of their intended input-output behavior. As a result, the 
verification properties must be designed separately so as to capture meaning-
ful and operationally relev ant requirements of the system under consideration. 
Even seemingly natural expectations, such as monotonic responses to stronger 
signals, may be violated in p ractice, leading to counter-intuitive and potentially
unsafe behavior [6]. Identifying and formalizing such requirements is therefore 
an essential step toward certifying learning-based systems [9,10]. 

A particular safety-critical application of DNNs is within wildfire detection 
systems, whose goal is to detect and alert first responders to situations that could 
later become life threatening. One such airborne system, which is currently being 
considered by Elbit Systems for use on aerial vehicles, is b ased on Infra-Red (IR) 
sensors. The IR sensors feed their inputs—usually a series of image frames—to a 
sequence of neural networks, which then determine whether the images contain
a wildfire.

Designing such a system to rely on DNNs affords great benefits, due to these 
DNNs’ ability to analyze images; but it also poses risks. Specifically, it is possi-
ble that (a) the system will mistakenly issue an alert when a wildfire does not 
exist, or, worse, that (b) the system will fail to issue an alert when the images 
do indicate the existence of a wildfire. The second kind of failure is clearly very 
dangerous and could potentially jeopardize human lives. Consequently, poten-
tial users o f the system require it to be extremely reliable. Although DNN-based 
systems are highly successful, prior research has shown that even complex and 
highly-accurate DNNs are prone to errors. For example, small input p erturba-
tions, due to either random noise or adversarial attacks, are known to cause
modern DNNs to fail catastrophically [16]. Such issues raise serious concerns 
regarding the trustworthiness of a DNN-based wildfire detection system, and 
could delay or prevent its deployment. We seek to begin addressing this chal-
lenge through the application of formal verification.

The properties we investigate are naturally derived from specific operational 
scenarios in which failures carry a disproportionate impact. One such scenario 
arises when varying the intensity of a fire-like signal: as the signal becomes 
stronger, the mo del’s confidence should not decrease. A second arises under blur 
variations caused by sensor manufacturing imperfections, and due to the sensor
movement.

The veriFIRE project [1] is a collaboration between Elbit Systems and the 
Hebrew University. It was initiated to address these challenges by introducing, 
and verifying, consistency prop erties tailored to application-specific properties of 
interest. In a 2022 work-in-progress paper [1], these properties were formalized at 
a conceptual level, capturing domain-specific requirements such as monotonicity 
with respect to signal intensity. However, such properties are naturally defined 
over structured transformations of the input, and are not directly expressible 
within standard verification frameworks, which operate over fixed-input networks
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with bounded perturbations. In the present work, we bridge this gap by encoding 
these properties of interest in a form compatible with existing verification tools.

In this paper, we describe veriFIRE’s progress since the previous report. We 
present a methodology for encoding critical-section consistency properties as for-
mal verification queries for industrial-scale DNNs. We instantiate this approach 
on two central components of a real-world wildfire detection system: (i) the 
main detection network, for which we verify monotonicity with respect to target 
signal intensity; and (ii) multi-parameter verification, using a blur-related sub-
network, for which we verify that the main detection network output is above the 
detection threshold for any possible blur spread and intensity that can be gener-
ated by a specified range of conditions. Our results demonstrate that meaningful 
domain-specific guarantees over relevant scenarios can b e established in practice
for industrial systems, providing a concrete step toward certifiable learning-based
sensing pipelines.

The remainder of this paper is organized as follows. Section 2 reviews related 
work. Section 3 introduces the problem setting, notation, and the properties c on-
sidered in this work. Section 4 presents our query-design methodology. Section 5 
reports the experimental results, and Sect. 6 discusses their implications. Finally , 
Sect. 7 concludes. 

2 Related Work 

Formal verification for deep neural networks has progressed substantially over 
the past decade. Early complete methods such as Reluplex [13] demonstrated 
the feasibility of exact reasoning for piecewise-linear networks, and later sys-
tems such as Marabou [14] extended this line into a broader verification and 
analysis framework. In parallel, scalable bound-propagation-based t ools, such as 
α-β-CROWN [18,21,22], have become central for handling larger models and 
benchmark s uites.

Modern solvers incorporate a variety of techniques. These i nclude dedicated 
piecewise-linear decision procedures [7], MILP-based verification pipelines [17], 
branch-and-bound approaches for ReLU networks [4], abstract-interpretation 
and range-analysis methods [9], abstract-domain certification approaches [15], 
and output-range reasoning [6]. Together, these techniques offer a spectrum of 
trade-offs between completeness guarantees and practical runtime. In addition, 
parallelization techniques [19] are increasingly important in industrial settings, 
where large query batches must be solved under strict compute budgets. Within 
this broader landscape, additional advances have focused on abstraction-based 
verification, pruning and slicing for network simplification [4,20], residual rea-
soning [8], and proof production [11]. 

Beyond solver technology, the literature emphasizes the challenge of specify-
ing meaningful properties for learned systems. Foundational work on adversarial 
behavior [16] has led the verification community to fo cus on robustness p rop-
erties [10], highlighting the gap between empirical accuracy and provable guar-
antees. More recent work has broadened the scope of verification goals beyond
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point-wise robustness, including verification in control settings (open-loop and 
reactive systems) [5], explainability-oriented checks [3], and NLP semantics c on-
straints [12]. Application-grounded formulations of such properties have also 
been explored in case studies, i ncluding prior case studies on learned rob otic
navigation systems [2]. 

Our work builds on these existing results, by focusing on application-
grounded property design and query encoding for an industrial wildfire-detection 
pipeline. Rather than limiting attention to generic, norm-bounded perturbations, 
we target properties of interest induced by physically meaningful transformations 
(target intensit y and blur), and encode them into verification queries compat-
ible with existing engines. In this s ense, our study extends the prior veriFIRE
report [1] with a systematic, deploymen t-scale ev aluation.

Fig. 1. An overview of the airborne wildfire-detection pipeline. An IR image stream is 
first processed by a detection network that proposes candidate regions. Each candidate 
is then passed to a second-stage classification network, which receives two temp orally 
consecutive cropped frames, and outputs a confidence score. A wildfire alert is issued 
when the classification score exceeds the decision threshold τ .

3 Problem Definition 

We consider an airborne wildfire-detection pipeline composed of two neural net-
works. The first network processes IR image streams and proposes candidate 
detections, namely cropped images containing suspicious regions. The second 
network, which is the focus of this work, receives a cropped candidate image 
consisting of two frames: the first is a background image from a previous frame 
that does not contain a fire, and the second is the current, suspected frame.
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The previous frame is aligned to the current frame using registration and inter-
polation. The network outputs a confidence score that indicates whether the 
current frame contains a true target. The goal of the network is to classify newly 
emerging fires under relatively low signal-to-noise ratio (SNR) conditions, where 
the fire signal is only slightly stronger than the background clutter and sensor
noise. An illustration of this pipeline appears in Fig. 1. A detection is declared 
whenever the s core exceeds a decision threshold τ .

Training and evaluation are based on a simulator that generates synthetic, 
target-present samples, by planting normalized target signals into wildfire-free 
backgrounds of real-world records. These background records comprise extensive 
IR flight logs captured under varying environmental conditions to ensure robust 
real-world coverage. Crucially, the evaluated DNNs are already integrated and 
deployed within the practical, operational system. The records are two time-
consecutive IR frames, previously recorded by an airborne vehicle. The target 
signal is then injected exclusively into the second frame, whereas the first frame 
remains target-free. In practice, if a fire is already weakly or partially present 
in the previous frame, a dedicated preprocessing algorithm handles the baseline 
estimation to mitigate its effect, ensuring robust detection. Consequently, the 
onset of t he fire corresponds to the first appearance of a target-related signal in
the second channel, allowing the classifier to detect it immediately.

Let B denote the set of admissible background crops, and let T denote the 
set of normalized target patterns. For b = b(1) ,  b(2) ∈ B and t ∈ T , we define 

x(α; b, t)  =  b(1) ,  b(2) + αt , 

where α ≥ 1 is a target-intensity factor. Thus, x(1; b, t) is the baseline planted 
sample, and increasing α strengthens the target signal while keeping the back-
ground fixed. We denote the second network by 

f : RH×W ×2 → R, 

and interpret f(x) as the target-confidence score of crop x.

3.1 Monotonicity with Respect to Target Intensity 

Our first desired property is monotonicity : if the same candidate crop contains 
a stronger target signature, then the confidence assigned by the classifier should 
not decrease. Formally, for a fixed background-target pair (b, t), we require that 

∀α1,  α  2 ∈ [1,  αmax] α1 ≥ α2 =⇒ f x(α1; b, t) ≥ f x(α2; b, t) .

In our verification setup, we use an anchored version of this property relative 
to the baseline intensity α =  1.  Let  

xbase = x(1; b, t). 

Then the property becomes 

∀α ∈ [1,  αmax] f x(α; b, t) ≥ f(xbase).
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Intuitively, once a target is present in a given crop, increasing its intensity 
should not reduce the detector’s confidence. An illustration of this prop erty is
described in Fig. 2. 

Fig. 2. An illustration of the monotonicity property with respect to target intensity. 
For a fixed background crop and target pattern, the target is injected only into the 
second channel, and its intensity is scaled by a factor α ≥ 1. The desired property is 
that increasing the target intensity should not decrease the detector confidence, i.e., 
f (x(α; b, t)) ≥ f(x(1; b, t)) for all admissible α.

Definition 1 (Local Intensity Consistency). Let f : RH×W ×2 → R be the 
second-stage wildfire-detection network, let b =  (b(1) ,  b(2)) ∈ RH×W ×2 be a back-
ground crop, and let t ∈ RH×W be a target pattern. We say that f is (t, b)-locally 
intensity-consistent if for every α ≥ 1, it holds that 

f (x(α; b, t)) ≥ f(x(1; b, t)) , 

where x(α; b, t)  =  (b(1), b(2) + αt).

3.2 Blur-Tolerant Positive Detection 

Our second desired property is blur-tolerant detection. Unlike monotonicity with 
respect to target intensity, which varies a single scalar parameter with a clear 
semantic interpretation (a stronger signal should not yield lower confidence), 
blur tolerance captures a richer and less i ntuitive physical phenomenon.

In our operational setting, fires are detected at very early stages and from 
long distances. Consequently, a fire occupies a sub-pixel or near point-like region 
within the sensor’s instantaneous field of view (IFOV). The apparent spatial 
distribution of such a point target on the sensor is therefore dominated by the 
sensor’s optical blur, rather than by the physical size of the fire itself. This blur 
spreads the target energy over a small neighborhood of pixels according to the
sensor’s optical response function.
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Due to production tolerances and optical assembly variations, different 
sensors—and even different units of the same sensor model—exhibit slightly 
different blur characteristics. These variations affect how target energy is dis-
tributed spatially across neighboring pixels, even when the physical target and 
acquisition conditions are identical. As a r esult, the same fire may appear with 
different spatial extents, local intensity profiles, and pe ak responses solely due
to sensor-level variability.

The blur function is supplied by the sensor manufacturer. Effectively, the 
blur spreads the target energy only within a small spatial neighborhood around 
the target location; in our use case, this neighborhood is limited to a 5 × 5 
region, with negligible energy outside this area. The blur behavior is modeled 
by a function 

ψ(x, y, σ), 

where (x, y) denotes the sub-pixel target location, and σ is a manufacturing-
dependent blur parameter that controls the effective spread of the target energy, 
i.e., how much the target is smeared over neighboring pixels. For a given (x, y, σ), 
this function outputs a 25-dimensional vector corresponding to the energy dis-
tribution over a 5 × 5 pixel patch centered at the nearest integer pixel to (x, y). 
This mapping is provided by the sensor manufacturer based on optical modeling 
and has been validated through laboratory measurements, which confirm that 
its modeling error is negligible relative to the sensor noise (NEI). The function
supplied by the sensor manufacturer is a simulation-based nonlinear function.

To formalize admissible conditions, we define the bounded intervals X = 
[xmin,  xmax]×[ymin,  ymax]  and  Σ =  [σmin,  σmax]. Here, (x, y) represents the sub-
pixel location within the center pixel of a 5×5 candidate patch, which is cropped 
around a suspicious detection by the candidate algorithm. These offsets dictate 
how the intensity of the cen ter pixel spreads to its immediate neighbors, and 
we incorporate target intensity I explicitly by defining the intensity-augmented 
blur map ψI(x, y, σ, I) = I · ψ(x, y, σ).

Our requirement is that for any target location (x, y) ∈ X, any physically 
plausible blur realization σ ∈ Σ, and any t rue-target intensity within the oper-
ational range, detection should still be preserved.

Recall that the objective of the classification algorithm is to detect fires at 
early stages while maintaining a very low false-alarm rate. We evaluated the 
algorithm on extensive background flight recordings and measured the statisti-
cal properties of the classification score for background-only detections. Given 
an operational requirement on the average false-alarm rate, we set a detection 
threshold τ that satisfies this requirement. In addition, we evaluated the algo-
rithm using traditional Monte-Carlo method s and identified a satisfactory min-
imal target intensity I0 that is correctly classified by the algorithm (receives a 
score >  τ). We also define an upper operational in tensity bound I1, based on
sensor/manufacturing constraints. An illustration of this property is described
in Fig. 3.
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We now seek to formally verify that this detection property remains con-
sistent across all admissible target locations, manufacturing-induced blur va ria-
tions, and target intensities in the range [I0, I1].

Let b =  (b(1) ,  b(2)) be a background crop, and let 

Eb : R5×5 → RH×W ×2 

denote the insertion map that plants a generated blur p atch into the second 
channel while leaving t he first channel unchanged.

Formally, for a given detection threshold τ and minimal target intensity I0, 
we require: 

∀(x, y) ∈ X, ∀σ ∈ Σ, ∀I ∈ [ I0,  I1],  f(Eb(ψI(x, y, σ , I))) ≥ τ.

Fig. 3. An illustration of the end-to-end verification pipeline for blur-tolerant positive 
detection. A 4-dimensional parameter vector p =  (x, y, σ, I) is processed by the blur-
generation module to produce a 5 × 5 target patch, which is then inserted into the 
second channel of the background crop and e valuated by the classifier. The verification 
property requires the classification score to remain above the decision threshold τ for
all admissible configurations in X × Σ × [I0, I1].

4 Query Design Methodology 

4.1 Monotonicity Query Design 

We reformulate each instance into a verifier-compatible query by augmenting 
the network and expressing the requirement as a standard output constraint.
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Modern verifiers are typically designed for specifications that can be written as 
linear bounds over network inputs/outputs, together with networks composed of 
common DNN operations such as affine layers, convolutions, ReLUs, and pooling. 
Our consistency requirements are defined over structured input transformations 
(e.g., intensity scaling a nd blur generation), so they are not directly available 
as native property types; we therefore encode them using only those supported
operations and output constraints.

Let D1 = {(bi,  ti)}|D1| 
i=1 be a dataset of background-target pairs for the 

wildfire-detection network f . For each pair (bi,  ti) ∈ D1, we construct a derived 
network fi by prepending a linear layer to f . T his new layer takes a scalar input 
s ∈ R (the target intensity) and o utputs an image in R

H×W×2.
Formally, the prepended layer implements 

Li(s)  =  bi + s · ̃ti, 

where t̃i ∈ RH×W ×2 is zero in the first channel and equals ti in the second 
channel. Equivalently, the lay er’s weights are the target pattern (second channel 
only) and its bias is the background crop. Figure 4 illustrates this construction 
on a toy example, where we show a detector f , vectors bi,  ti, and construct fi by 
prepending a scalar-input linear layer with W = ti and b = bi. The composed 
v erification network is 

fi(s)  =  f (Li(s)) . 

The construction of fi is also illustrated in Fig. 4. 
For each i, we precompute the baseline output at s =  1,  

ybase 
i = f i(1), 

which corresponds to the original, unscaled target.
The property constrains the input scalar to the interval s ∈ [1,  αmax]  and  

requires 
fi(s) ≥ ybase 

i . 

Equivalently, 
∀s ∈ [1,  αmax]  :  fi(s) − ybase 

i ≥ 0. 

Hence, each sample in D1 yields one query that checks monotonicit y for its
specific background-target pair.

4.2 Blur Query Design 

Unlike the monotonicity case, where a fixed linear layer is added before the 
detector, the blur case verifies a composed model in which the blur-generation 
net work precedes the detector.

As described in Sect. 3, the sensor manufacturer supplies a nonlinear blur-
response function ψ(x, y, σ), and we extend it to an intensity-augmented map 
ψI(x, y, σ, I)  =  I · ψ(x, y, σ). Directly incorporating this exact simulation-based 
map into a verification query is hard for current DNN verification backends,
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Fig. 4. Construction of the verification network used for monotonicity queries. Given 
a detector f , a background crop bi, and a target pattern ti, we prepend a scalar-
input linear layer Li(s)  =  bi + st̃i,  where  ̃ti is zero in the first channel and equals 
ti in the second channel. The resulting composed netw ork fi(s)  =  f (Li(s)) enables 
the monotonicity requirement to be encoded as a standard verifier-compatible output 
constraint over the scalar input range s ∈ [1, αmax].

because it involves nonlinear operations outside the standard v erifier-supported 
network graph.

To obtain verifier-compatible queries, we emulate the manufacturer blur func-
tion with an additional neural network. This auxiliary network is then composed 
with the detector, so that the end-to-end query is expressed u sing supported
operations only.

The blur-generation network is trained offline to accurately approximate the 
manufacturer-provided analytical blur model. Specifically, training data are gen-
erated by sampling a four-dimensional parameter vector p =  (x, y, σ, I), where x 
and y denote spatial offsets, σ controls the blur spread, and I represents target 
intensity; we then compute the corresponding target patches using the exact non-
linear blur function supplied by the sensor manufacturer. The network is trained 
in a supervised manner to regress from the parameter vector to the resulting 
5 × 5 target patch. Model fidelity is assessed on a held-out validation set, and 
both training and validation errors are verified to lie below the sensor’s lower-
level noise floor. Consequently, the approximation error introduced by replacing 
the analytical blur function with the learned network is negligible relative to the
inherent sensor noise, justifying its use within the formal verification queries.

Let D2 = {bi}|D2| 
i=1 be a dataset of background crops for the wildfire-detection 

network f . In addition, let 
B : R4 → R

5×5
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denote the blur-generation network. Its input is a 4-dimensional parameter vector 

p =  (x, y, σ, I), 

where x and y represent spatial offsets, σ is the manufacturing-dependent blur 
parameter, and I is the target intensity. For each s uch parameter vector, the 
network B outputs a 5 × 5 target patch that approximates ψI(x, y, σ, I).

For each background crop bi ∈ D2, we construct a derived network gi by 
composing the blur-generation network B, a fixed insertion map Ei, and the 
original detector f . The map Ei leaves the background crop bi unchanged and 
incorporates the generated 5 × 5 patch into the detector input. T he composed 
verification network is 

gi(p)  =  f(Ei(B(p))) . 

This composition follows the s ame network-augmentation pattern shown in
Fig. 4, with a four-parameter blur generator in place of the single-scalar mono-
tonicity layer. In the implementation, Ei is realized as a non-trainable dense 
layer whose bias is the flattened background crop bi, and whose weights map 
the 5 × 5 outputs of B to the central 5 × 5 region of the second channel, while
leaving all other pixels unchanged.

Let 
P = X × Σ × [I0,  I1] 

denote the admissible parameter box. The property then requires that the detec-
tor output remain above a fixed threshold τ throughout this region: 

∀p ∈  P  : gi(p) ≥ τ. 

More generally, if the detector output is vector-valued, the p roperty enforces the
bound component-wise.

Hence, each background crop in D2 yields one query that checks whether any 
admissible blur configuration can c ause the detector response to fall belo w the
prescribed threshold.

5 Experimental Results 

5.1 Experimental Setup 

We report experiments for both properties using one verification query per data 
sample. For each query, we record the solver status (SAT, UNSAT, or time-
out) and wall-clock solving time. We rep ort averages over all queries, and when 
applicable also stratify run time by SAT and UNSAT outcomes.

Our methodology is backend-agnostic, and can be instantiated with any ver-
ification engine that supports the encoded networks and property files. In this 
work, we instantiate it using α, β-CROWN.

All queries are executed as independent jobs on a Slurm cluster. For repro-
ducibility, each query is encoded as a network file together with a formal property 
specification in a verifier-compatible format (ONNX + VNNLIB).
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Table 1. Detector architecture (f ) used for monotonicit y and blur queries.

Layer (type) Output shap e Params 
Conv2D (23, 23, 64) 1,216 
MaxPool2D (11, 11, 64) 0 
BatchNorm (11, 11, 64) 256 
Conv2D (9, 9, 64) 36,928 
MaxPool2D (4, 4, 64) 0 
BatchNorm (4, 4, 64) 256 
Conv2D (2, 2, 64) 36,928 
MaxPool2D (1, 1, 64) 0 
Flatten (64) 0 
Dense (256) 16,640 
Dense (1) 257 
Total parameters – 92,481 

Table 2. Blur-generation architecture (B) used in blur q ueries.

Layer (type) Output shap e Params 
Input (x, y, σ, I) (4) 0 
fc1 (Dense) (64) 320 
fc2 (Dense) (128) 8,320 
fc3 (Dense) (64) 8,256 
fc4 (Dense) (25) 1,625 
Total parameters – 18,521 

Both sets of experiments use the same benchmark collection of 2011 IR back-
ground crops, each of shape 25 × 25 × 2. For monotonicity, each background is 
paired with its corresponding target p attern, yielding 2011 background-target 
pairs. For blur, we use a subset of 1698 background images from this same col-
lection.

The DNN architectures used in the experiments are summarized in Tables 1 
and 2. 

Monotonicity Setup. For each background-target pair (bi,  ti), we generate 
one verification query with intensity r ange s ∈ [1,  αmax] a nd set αmax = 2.

This setup yields 2011 independent monotonicity verification tasks, each with 
a scalar input variable and a fixed intensity in terval. Each query is allocated one 
CPU and 64GB RAM.

Blur Setup. For blur queries, we generate one query for each background image 
in the selected subset.
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Table 3. Outcome statistics for monotonicity queries ( αmax =  2  ).

Result type Count Percent 
UNSAT (property holds) 1134 56.39% 
SAT (counterexample found) 877 43.61% 
Total 2011 100.00% 

Table 4. Runtime statistics for monotonicity queries ( seconds).

Statistic Time (s) 
Average over all queries 225.810 
Average over SAT queries 211.608 
Average over UNSAT queries 236.793 

This setup yields 1698 independent blur verification tasks. Each query is 
allocated one GPU and 64GB RAM, with a timeout of 4 hours. Each query is 
defined over a four-parameter box, which is a richer search space than in the 
monotonicity case. For each query, verification is performed over the following 
input-parameter bounds; the exact values of Σ, I0,  and  I1 cannot be shared due 
to confidentiality constraints: 

x ∈ [−0.5, 0.5], y  ∈ [−0.5 , 0.5], σ ∈ Σ, I ∈ [I0, I1].

5.2 Monotonicity Queries 

Results. Table 3 reports the outcome distribution. All 2011 queries are solved 
within 5 minutes. In our encoding, an UNSAT result means the monotonicity 
property is pro ven for the sample over [1,  αmax], while a SAT result indicates a
counterexample.

Table 4 summarizes runtime statistics. The average verification time is 225.81 
seconds overall, with SAT i nstances solved faster on average than UNSAT
instances.

Overall, the monotonicity property is proven for a slight majority of the 
evaluated samples (UNSAT: 56.39%), while counterexamples are found for the 
remaining cases (SAT: 43.61%). Runtime-wise, UNSAT instances are slower by 
about 25.19 seconds on av erage, which is consistent with the additional proof 
effort required to certify the prop erty over the full interval.

5.3 Blur Queries 

Results. Table 5 reports the blur-query outcome distribution and runtime 
statistics. 

We run the experiments on 2011 queries, which are based on the same set of 
the background crops used in the monotonicity experiments.
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Table 5. Blur-query outcome and runt ime summary .

Metric Value 
Number of SAT queries 212 
Number of UNSAT queries 548 
Number of timeout queries 1251 
Average solving time (SAT) [s] 43.50 
Average solving time (UNSAT) [s] 8013.98 
Average solving time (all queries) [ s] 2188.41 

The reported blur results indicate that verifying the blur property is more 
challenging than verifying monotonicity. This observation motivates o ngoing 
work on improved architectures and v erification workflows.

We summarize the key quantitative findings through three aggregates: (i) the 
SAT/UNSAT/timeout balance; (ii) the relative SAT-vs.-UNSAT solving cost; 
and (iii) the aggregate runtime profile under the current computational budget.

6 Discussion 

The results reveal a clear difference in verification difficulty between the two 
properties studied in this work. The monotonicity queries are relatively tractable: 
all instances are solved within the given time budget, and a substantial portion 
are formally proven. In contrast, the blur queries are significantly more chal-
lenging, with many i nstances timing out. This gap suggests that verification 
complexity is strongly influenced not only by the detector itself, but also b y the
dimensionality and structure of the property being verified.

The results also demonstrate the value of verification beyond standard empir-
ical evaluation. SAT outcomes identify concrete samples for which the desired 
property fails, while UNSAT outcomes provide formal guarantees for specific 
instances. Currently, SAT counterexamples undergo root-cause analysis to pin-
point specific background textures or target configurations causing failures, 
directly guiding targeted data augmentation and model retraining. Meanwhile, 
timeout cases primarily inform necessary adjustments to our verification w ork-
flow, such as refining domain bounds or tweaking solver heuristics. In this sense, 
verification offers a complementary perspective: rather than measuring average 
beha vior, it exposes whether the detector satisfies application-relevant consis-
tency requirements on operational scenarios.

From an industrial perspective, these results are a valuable milestone, 
although additional work is required before verification can be applied as part of 
the standard development pipeline—particularly regarding verifier scalability, as 
real industrial models are often larger than those studied here. Still, even unre-
solved queries provide practical value: they expose challenging cases and weak 
areas of the model, which can be fed back into the development cycle to improve
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training, evaluation, and future model design. In addition, this work provides 
a clearer understanding of how to translate operational quality requirements 
into formal verification queries, giving rise to a practical methodology that can 
support future architectures and other learning-based systems.

7 Conclusion and Future Work 

We introduced an end-to-end methodology for verifying application-grounded 
consistency properties in an industrial wildfire-detection pipeline. By encod-
ing monotonicity with respect to target intensity and positive detection under 
physically plausible blur as s olver-compatible queries, we showed how formal 
verification can be applied t o real DNN-based sensing systems.

Academically, the results demonstrate both promise and challenge: mono-
tonicity can be verified at practical scale, with all 2011 queries solved within five 
minutes, while blur-based properties remain significantly harder because they 
involve a richer physical parameterization. Industrially, the value is tw ofold: ver-
ified cases provide concrete guarantees, and failed or unresolved cases expose 
model w eaknesses that can directly inform retraining and redesign.

Future work will focus on developing a systematic pipeline to verify the aux-
iliary blur-generation network, ensuring full verification completeness across the 
sensing-to-detection chain. Additionally, we intend to perform a root-cause anal-
ysis on samples that c ould not be formally verified—to identify specific input 
characteristics or model architectural features that impede formal certification.

Overall, this work suggests that formal verification is already useful as both 
an assurance mechanism and a development tool for safety-critical ML pipelines. 
Future work will focus on improving scalability, strengthening architecture-
verification co-design, and extending coverage to additional operational scenar-
ios. 
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