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Abstract Indoor monitoring with RGB cameras

records identifiable imagery, which is hard to justify in

privacy-sensitive spaces. Ultra-low-resolution infrared

arrays such as the Panasonic AMG8833 Grid-EYE

avoid this at the hardware level: an 8×8 grid of 64

temperature values cannot identify a person, yet still

carries enough structure to separate an empty room,

an occupant, and a fire event. Prior work on this

sensor class has relied on handcrafted pipelines that
rarely address joint recognition and localization at
native resolution. We present JFilterLocalizationCNN,

a compact dual-head convolutional network (∼115,365

parameters) that classifies the thermal scene into

three categories and regresses the (x, y) position of the

dominant heat source in one forward pass over the raw

8×8 frame. A lightweight J-filter removes the ambient
offset through per-frame background subtraction;
per-frame normalization stabilizes training without

distorting the spatial signatures localization depends on.

On 12,000 balanced frames, the model reaches 99.75%

classification accuracy and 0.39-pixel mean absolute
localization error. Each inference costs roughly 1.5

million multiply-accumulate operations and 2.7ms on

a desktop CPU, within the 100ms budget of a 10Hz

sensor. Post-training INT8 quantization compresses the

model from 466KB to 126KB with no measurable loss

of accuracy or localization precision. The same INT8

TensorFlow Lite model runs on a Seeed XIAO ESP32-

S3 with the AMG8833 and reaches 81.52% accuracy

(macro-F1=0.82) and 1.39-pixel mean localization error
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on 4,752 live frames. Cross-dataset experiments and a

twelve-case ablation further characterize generalization

and the contribution of each design choice.

Keywords Real-time inference · Thermal sensor

array · Lightweight CNN · Multi-task learning ·

Embedded deployment

1 Introduction

Demand for indoor monitoring has grown across

occupancy-aware building management, assisted living,

and early fire warning [1,2,3]. Camera-based indoor

deployments remain widespread, yet RGB sensing cap-

tures faces and other identifying features; in hospitals,

care homes, and private dwellings that trade-off is

uncomfortable, and privacy-protection requirements
have sharpened the tension between sensing utility and

personal privacy [4].

Low-resolution infrared arrays offer a different start-

ing point. The Panasonic AMG8833 Grid-EYE, a ther-

mopile sensor that streams an 8×8 grid of 64 tempera-

ture readings over I2C at up to 10Hz [5], cannot form

an identifiable image: a person appears as a warm blob

a few pixels across, and a flame as a localized hot spot.

The resolution is extremely coarse by any conventional

standard. That limitation is also the appeal: privacy
is enforced by the optics and the pixel count, not by

reversible software anonymization applied after the fact

[6].

The open question is whether so little spatial infor-

mation can still support useful perception. Studies on

AMG8833-class hardware have largely relied on hand-

crafted features (adaptive thresholding, bicubic inter-

polation, statistical distribution fitting) to read these
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tiny grids [1,6]. Deep learning, which reshaped high-

resolution vision, remains thinly explored at this resolu-

tion, and the few learned approaches target segmenta-

tion or occupancy rather than joint event classification

and coordinate-level localization [8]. A second constraint

compounds the first: the target platform is a microcon-

troller. For the Journal of Real-Time Image Processing,

the relevant questions are therefore not only accuracy

but computational cost per frame, memory footprint,

achievable frame rate, and whether the model survives

the quantization needed to run on a few hundred kilo-
bytes of on-chip memory.

This paper addresses that combined problem. We

design a custom dual-head convolutional neural network

that operates on the raw 8×8 grid, classifies the scene

(No Object, Object, Object with Fire), and predicts the

location of the dominant heat source, within a parameter

budget small enough for embedded inference. The single
shared backbone and two thin heads keep both tasks

tied to one forward pass, which is what makes the design

attractive for a real-time, resource-constrained setting

rather than only for offline benchmarking.

The contributions of this work are as follows:

– A J-filter preprocessing stage that subtracts the per-

frame background offset and normalizes each frame

to [0, 1], making the model insensitive to ambient

temperature drift across recording sessions while

preserving the relative heat structure required for

localization.

– JFilterLocalizationCNN, a purpose-built dual-head

CNN (∼115,365 parameters) whose three convolu-

tional blocks exactly exhaust the 8×8 spatial extent

(8 → 4 → 2 → 1) and feed shared features into par-

allel classification and localization heads in a single

inference pass.
– A real-time and embedded characterization (MAC

count, per-frame latency against the 10Hz budget,

FP16/INT8 quantization, TensorFlow Lite export,

and live validation on an ESP32-S3–AMG8833 node)

rather than accuracy alone.

– An empirical study on 12,000 balanced frames re-

porting 99.75% accuracy and 0.39-pixel localization

error, complemented by cross-dataset generalization

on two external thermal-array corpora and a twelve-

configuration ablation that isolates the role of each

design choice.

The remainder of the paper is organized as fol-

lows. Section 2 reviews low-resolution thermal sens-

ing, lightweight architectures, detection and localiza-

tion, multi-task learning, and embedded inference. Sec-

tion 3 describes the dataset, the J-filter pipeline, the

network, and the multi-task objective. Section 4 details

the experimental setup. Section 5 reports classification,

localization, real-time and embedded behavior, cross-

dataset generalization, and an ablation study. Section 6

discusses limitations, and Section 7 concludes.

2 Related Work

We group prior work into five strands: low-resolution

thermal sensing for indoor monitoring, lightweight con-

volutional architectures, object detection and localiza-

tion, multi-task learning, and embedded inference. Each

strand is mature in isolation; the gap lies in their inter-
section.

2.1 Low-resolution thermal sensing

Several groups have used infrared arrays for privacy-

preserving indoor sensing. Newaz and Hanada recog-

nized human activities from an infrared array through in-

terpolation and mathematical feature extraction, avoid-

ing deep learning entirely [6]; the handcrafted features

kept the system tied to the specific activities it was

tuned for. Lin and Zhao worked directly with AMG8833

data for occupancy monitoring and positioning, com-

bining interpolation, adaptive thresholding, and blob

detection with a speed-responsive sliding window [1].

Their results show that 8×8 arrays can support indoor

positioning, yet the pipeline is built from traditional

image processing and handles occupancy and position

only, not event classification or fire.

At slightly higher resolution, Márquez et al. classified

activities and detected falls among older adults from a
32×24 array using skeletonization [2], an approach that

assumes more spatial detail than an 8×8 grid provides.

Newaz and Hanada later detected falls from the sta-

tistical distribution of thermal signatures, using Earth

Mover’s Distance as the discriminator [7]; the method is

effective for binary fall/non-fall decisions but does not

extend to multi-class scenes or localization. Sousa et

al. examined thermal infrared sensing for fire detection,
but their scope is full thermal cameras in outdoor and

UAV settings, a different hardware class [3]. Closest in

spirit, Naser et al. applied an encoder–decoder network

to thermal-array data for human segmentation and oc-

cupancy with adaptive sensor placement [8]; that work

targets segmentation, not fire recognition, and uses a

heavier model than an 8×8 input warrants.

A pattern runs through this literature. Studies either

apply handcrafted features to low-resolution arrays or

apply deep learning to higher-resolution thermal cam-

eras. None pairs a learned CNN with native 8×8 input

for joint classification and localization. Table 1 makes

the gap explicit.
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Table 1 Comparison of low-resolution thermal sensing ap-
proaches. Cls.: classification target; Loc.: localization output

Study Res. Method Cls. Loc.

Newaz [6] 8×8 Statistical Activity No
Lin [1] 8×8 Blob det. Occup. Pos.
Márquez [2] 32×24 Skeleton. Falls No
Newaz [7] 8×8 EMD

stat.
Falls No

Sousa [3] High-res Therm.
img.

Fire No

Naser [8] IR array Enc.–dec. Segm. No
Ours 8×8 CNN 3-class Coord.

2.2 Lightweight convolutional architectures

Compact network design has been driven by mobile and

edge deployment. Simonyan and Zisserman showed that

stacking small 3×3 kernels reaches the receptive field of

larger ones with more non-linearity and fewer param-

eters [9], a principle our backbone inherits. He et al.

enabled very deep training through residual connections

[10], though such depth is unnecessary on an 8×8 input

whose spatial extent is gone after three pooling steps.

A line of mobile architectures followed: MobileNetV2
introduced inverted residuals with linear bottlenecks

[11], MobileNetV3 refined them through architecture

search [12], ShuffleNet and ShuffleNet V2 used group

convolution and channel shuffle [13,14], GhostNet pro-

duced feature maps with cheap linear operations [15],

and EfficientNet proposed compound scaling of width,

depth, and resolution [16]. Pelee demonstrated real-time

detection on mobile hardware with conventional con-

volutions [17]. Notably, Ma et al. argued that FLOPs

alone poorly predict latency, and that hardware-aware
design matters more [14].

These designs share an assumption: the input is
a standard-resolution RGB image, typically 224×224

or larger. On an 8×8 single-channel grid the spatial

dimensions are so small that depthwise separable factor-

ization yields little saving while adding complexity, and

compound scaling has no resolution headroom to trade.

Adapting any of them to this geometry would require

redesign rather than scaling, which motivates a custom

network.

2.3 Object detection and localization

Modern detection follows two paradigms. Two-stage

detectors such as Faster R-CNN use a region proposal

network before classification and box refinement [18];

single-stage detectors such as YOLO and SSD predict la-

bels and coordinates directly in one pass [19,20]. Feature

Pyramid Networks added top-down pathways for multi-

scale detection [21]. Wu et al. examined the interaction

of classification and localization and found that the two

prefer different head types: fully connected layers favor

classification, convolutional layers favor localization [22],

which directly supports a separated dual-head design.

These frameworks assume natural images, multiple

objects, and box annotations. Our task differs in three

ways. The input is a single-channel 8×8 grid, not a

high-resolution RGB image. We regress a single (x, y)

coordinate rather than bounding boxes, since a box is ill-

defined for an object spanning two or three pixels. And

the spatial hierarchy across 8 → 4 → 2 is far shallower

than feature pyramids assume. The transferable insight

is conceptual: classification and coordinate regression

can be solved jointly in one forward pass, and they

benefit from specialized heads.

2.4 Multi-task learning

Multi-task learning shares representations across related

tasks to improve generalization and efficiency. Zhang and
Yang surveyed how shared features reduce overfitting

when tasks are related and data is limited [23], both true

here. Liu et al. proposed task-specific attention for end-

to-end multi-task learning [24], and Dai et al. handled

related vision tasks through a cascaded shared backbone

[25]. In our setting, deciding whether a frame contains

a person and locating that person both depend on the
same warm region in the grid, so a shared backbone

with two thin heads is a natural fit. We keep the loss

simple, an unweighted sum of cross-entropy and mean

squared error, rather than the uncertainty weighting or

gradient normalization used when task losses sit on very

different scales.

2.5 Embedded and real-time inference

Bringing inference to microcontrollers is the domain

of TinyML. Banbury et al. described TensorFlow Lite

Micro as a portable runtime for devices with kilobytes of

RAM [26]; the runtime, however, only helps if the model

is small enough to fit. That places the burden on archi-

tecture design and on post-training quantization [27]. A

model for an ESP32-class device, with around 520KB

of SRAM, cannot be a shrunken desktop network; it

must be designed within the budget from the outset.

Closest to our deployment target, Xie et al. ran CNNs

on microcontrollers with low-resolution infrared sensors

for social-distance monitoring [28], underscoring that

8×8 thermal inference on commodity microcontrollers

is realistic. Our work adds joint localization, an explicit



4 Yasin et al.

quantization and latency budget, and a generalization

study across sensors.

3 Materials and Methods

3.1 System overview

The pipeline runs from raw acquisition to dual prediction.

At each step the AMG8833 emits a 64-value temper-

ature vector over I2C. The vector passes through the
J-filter stage (background subtraction, normalization,

reshape) to form a single-channel 1×8×8 tensor, which

JFilterLocalizationCNN maps to a 3-class label and a

normalized (x, y) coordinate in one forward pass. Fig. 1

places the system in its intended deployment—a ceiling-

or wall-mounted node observing an indoor scene—and

Figure 2 shows the end-to-end flow.

Fig. 1 Application scenario. A ceiling-mounted AMG8833
node observes an indoor space and reports one of three thermal
events together with the location of the dominant heat source,
without capturing identifiable imagery

3.2 Dataset

Frames were recorded indoors under three scenarios:

an empty field of view (No Object), a single occupant

at varying positions (Object), and a controlled heat

source placed near a person (Object with Fire). Each

raw frame is 64 floating-point temperatures. Ground-

truth coordinates of the dominant heat source were read

from the corresponding image filenames, which encode

the row and column of that pixel; for the No Object
class the coordinate marks the warmest background

pixel. Row and column indices in [0, 7] are normalized

to [0, 1] by dividing by 7, matching the sigmoid range

of the localization head.

The corpus contains 12,000 frames balanced across

the three classes (4,000 each), as summarized in Table 2.

Balancing removes the class-prior confound that com-

plicates accuracy interpretation, so the headline figure

reflects genuine discrimination rather than a skewed
prior. Figure 3 contrasts raw and J-filtered frames: in

Table 2 Class distribution of the dataset

ID Class Samples Proportion

0 No Object 4,000 33.3%
1 Object 4,000 33.3%
2 Object with Fire 4,000 33.3%

Total 12,000 100%

the raw rows the ambient offset dominates and classes

are hard to separate by eye, whereas after J-filtering the
No Object frames read near-uniform, the Object frames

show a warm region, and the Object with Fire frames

show a pronounced hot spot beside the occupant’s sig-

nature.

Fig. 3 Representative frames per class. Top: raw sensor out-
put, dominated by ambient temperature. Bottom: after J-filter
background subtraction, which exposes the relative thermal
pattern used for both tasks. Columns: No Object, Object,
Object with Fire

3.3 J-filter preprocessing

The AMG8833 reports absolute temperatures, so the

same scene recorded at two ambient temperatures pro-

duces different raw values even when the relative heat

pattern is identical. A model trained on absolute read-

ings would degrade as room temperature drifts. The

J-filter removes this offset by subtracting the per-frame

minimum from every pixel,

T ′(i) = T (i)− Tmin, Tmin = min
1≤j≤64

T (j), (1)

so the coldest pixel reads zero and the rest report their

elevation above that baseline. Each frame is then scaled

to a common range by its own maximum,

Tnorm(i) =
T ′(i)

max(T ′)
, max(T ′) > 0, (2)

with an all-zero output retained for a perfectly uniform
frame. Because Eq. (2) is a linear rescaling, it preserves
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Fig. 2 End-to-end methodology. The 8×8 thermal frame is background-subtracted and normalized by the J-filter, reshaped to
a 1× 8× 8 tensor, and processed by the shared backbone; two heads emit the class label and the (x, y) coordinate in a single
inference pass

the ordering and relative spacing of pixel values, leaving

the spatial signature that localization relies on intact.

The 64-value vector is finally reshaped into a single-

channel image,

x ∈ R
64

→ X ∈ R
1×8×8. (3)

No temporal smoothing, Butterworth filtering, or spatial

interpolation is applied; the network sees each native-
resolution frame independently. This deliberately simple

design keeps the preprocessing cost negligible on an

embedded target, where a temporal model would add

both memory and latency.

3.4 Network architecture

JFilterLocalizationCNN is a custom VGG-style dual-

head network built for the 8×8 geometry. It is trained

from scratch, without transfer learning, and operates at

native resolution with no upscaling. A shared backbone

of three convolutional blocks halves the spatial size at

each stage while widening the channels (1 → 32 →

64 → 128); a global average pooling layer then yields a

128-dimensional embedding feeding two heads. Figure 4

shows the architecture and Table 3 gives the layer-by-

layer breakdown.

The first two blocks each stack two 3×3 convolu-

tions (padding 1) with batch normalization and ReLU,

followed by 2×2 max pooling. Two stacked 3×3 kernels

reach a 5×5 receptive field with more non-linearity and

fewer parameters than a single 5×5 kernel, valuable
when every transformation must extract signal from

a 64-pixel input. The third block uses a 2×2 kernel

without padding to collapse the remaining 2 × 2 map

to 1 × 1. Channel width rises at each stage to offset

the loss of spatial resolution. Three blocks are not an

arbitrary depth: they exactly exhaust the input, since

8 → 4 → 2 → 1 leaves nothing further to pool.

Table 3 Layer-by-layer summary of JFilterLocalizationCNN

Layer Output Params

Input 1× 8× 8 –
Conv block 1

Conv(1→32, 3×3)+BN+ReLU 32× 8× 8 384
Conv(32→32, 3×3)+BN+ReLU 32× 8× 8 9,312
MaxPool(2) 32× 4× 4 –
Conv block 2

Conv(32→64, 3×3)+BN+ReLU 64× 4× 4 18,624
Conv(64→64, 3×3)+BN+ReLU 64× 4× 4 37,056
MaxPool(2) 64× 2× 2 –
Conv block 3

Conv(64→128, 2×2)+BN+ReLU 128× 1× 1 33,152
GlobalAvgPool 128 –
Classification head

Drop(0.3), FC(128→64), ReLU 64 8,256
Drop(0.2), FC(64→3) 3 195
Localization head

Drop(0.3), FC(128→64), ReLU 64 8,256
Drop(0.2), FC(64→2), Sigmoid 2 130

Total trainable ∼115,365

Both heads take the same 128-dimensional embed-

ding. The classification head applies dropout, a 128 → 64

projection with ReLU, a second dropout, and a 64 → 3

layer, producing logits that softmax converts to class

probabilities,

ŷcls = W2 ReLU(W1 Drop0.3(z)) ∈ R
3. (4)

The localization head mirrors this structure but ends

in a sigmoid, which bounds the output to [0, 1]2 and

matches the normalized coordinate targets,

ŷloc = σ(W4 ReLU(W3 Drop0.3(z))) ∈ [0, 1]2. (5)

Bounding the coordinate by construction means the net-

work never has to learn values outside the valid range,

which smooths the localization objective. Keeping the

two heads equal in depth prevents either task from
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Fig. 4 JFilterLocalizationCNN. Three convolutional blocks reduce the spatial size 8 → 4 → 2 → 1 and widen channels
1 → 32 → 64 → 128; global average pooling produces a 128-dimensional embedding shared by the classification and localization
heads

dominating the parameter budget; the choice is prag-

matic and could be revisited if one task proved markedly

harder on a future dataset.

3.5 Multi-task objective

The model is trained against a composite loss. Classifi-

cation uses cross-entropy,

LCE = −

3
∑

c=1

yc log(p̂c), (6)

and localization uses mean squared error on the normal-

ized coordinates,

LMSE = 1
2

∑

d∈{x,y}

(ŷd − yd)
2. (7)

The total objective is their unweighted sum,

Ltotal = LCE + LMSE. (8)

Equal weighting is used because the two terms sit on

comparable numerical scales in practice and both de-
cay during training. We examine the alternative of an

explicitly weighted loss in the ablation of Section 5.5;

the simple sum avoids an extra hyperparameter without

measurable cost to either task.

4 Experimental Setup

The model was implemented in PyTorch and trained

on a desktop workstation. NumPy and PyTorch seeds

were fixed to 42 for reproducibility. The dataset was

partitioned by stratified sampling into 70% training,

10% validation, and 20% test (8,400 / 1,200 / 2,400

frames), in two sequential splits with a fixed seed; the
test set is touched only for final evaluation. Optimization

Table 4 Training configuration

Setting Value

Framework PyTorch
Optimizer AdamW
Learning rate 1× 10−3

Weight decay 1× 10−2

Scheduler ReduceLROnPlateau (patience 5,
factor 0.5)

Batch size 32
Epochs 50
Random seed 42
Checkpoint criterion Lowest total validation loss

used AdamW [29] (learning rate 10−3, weight decay

10−2), which decouples weight decay from the adaptive

update and gives more consistent regularization across

parameter groups with different gradient magnitudes. A
ReduceLROnPlateau scheduler halved the learning rate
after five epochs without improvement in validation loss.

Training ran for 50 epochs at batch size 32, and the

checkpoint with the lowest total validation loss, not the
highest accuracy, was retained, since accuracy saturates

early while localization keeps improving. Table 4 lists

the configuration.

Classification quality is reported with accuracy, per-

class precision, recall, and F1. Localization quality is

reported as mean squared error on normalized coordi-

nates and as mean absolute error in pixels,

MAEpx =
1

N

N
∑

i=1

√

(7x̂i − 7xi)2 + (7ŷi − 7yi)2, (9)

where the factor 7 returns normalized values to the [0, 7]

pixel range of the grid. For the real-time analysis we

additionally report the per-frame multiply-accumulate

(MAC) count and measured FP32 latency on a desk-
top CPU (Sect. 5.3). Post-training quantization and
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Table 5 Per-class classification report on the test set

Class Prec. Recall F1 Support

No Object 0.998 0.999 0.998 800
Object 0.999 0.995 0.997 800
Object with Fire 0.996 0.999 0.998 800

Accuracy 99.75% (2,400 frames)

TensorFlow Lite export are evaluated on test accuracy,

localization error, and stored model size (Table 6).

5 Results

5.1 Training behavior and classification

Training converges quickly and without overfitting. Clas-

sification accuracy climbs past 99% within the first few

epochs and the validation curve tracks training closely

throughout, while the localization error keeps decreasing

across the full schedule (Fig. 5). The split in dynam-

ics is expected: cross-entropy approaches zero once the

three classes are separated, after which the total loss

is governed by the localization term, which is why we

checkpoint on loss rather than accuracy.

Fig. 5 Training and validation curves. Total loss and its cross-
entropy and mean-squared-error components against epoch;
classification saturates early while localization continues to
improve

On the 2,400-frame test set the model reaches 99.75%

accuracy. Per-class precision, recall, and F1 (Table 5)

all exceed 0.99, and the confusion matrix (Fig. 6) shows

that the few errors involve neighboring thermal patterns
rather than systematic confusion between, for example,

an empty room and a fire. The Object with Fire class

is recognized essentially without error, which matters

for the safety-relevant use case.

5.2 Localization

Coordinate regression is accurate at the scale of the grid.

The model attains a normalized MSE of 0.0083 and a

mean absolute error of 0.39 pixels on the 8×8 lattice,

roughly a third of one pixel. Because each pixel subtends
a fixed solid angle, this places the dominant heat source

Fig. 6 Confusion matrix on the 2,400-frame test set. Off-
diagonal mass is small and confined to adjacent thermal pat-
terns

within its correct cell with margin to spare, which is the

level of spatial fidelity a coarse array can meaningfully

provide. Figure 7 overlays predicted and ground-truth

coordinates per class; the predictions cluster tightly
around the true positions across the grid. Errors are

not concentrated in any single class, though the Object

and Object with Fire classes carry slightly larger error

than the near-static No Object case, consistent with
a moving occupant whose centroid is intrinsically less

stable than a fixed warm background pixel.

5.3 Real-time and embedded behavior

For a real-time target the cost per frame matters as

much as accuracy. JFilterLocalizationCNN requires ap-

proximately 1.5 million MAC operations per inference,

dominated by the two early 3×3 blocks. On the desktop

CPU a full-precision forward pass takes 2.7ms, which

is comfortably inside the 100ms budget implied by the

sensor’s 10Hz frame rate; the J-filter adds only two

passes over 64 values and is negligible by comparison.
Figure 8 sketches the on-device loop: acquire a frame

over I2C, apply the J-filter, run one inference, and emit

a label and coordinate before the next frame arrives.

The decisive constraint for a microcontroller is mem-
ory rather than arithmetic. We therefore evaluated post-

training quantization in three formats and a TensorFlow

Lite export on the test set (Table 6). FP16 halves the

stored weights, and dynamic INT8 reduces them further;

on the test set neither changes accuracy or localization

error to the reported precision. The TensorFlow Lite

INT8 model is 126KB, a 3.7× reduction from the 466KB
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Fig. 7 Predicted versus ground-truth coordinates on the 8×8 grid, per class. Crosses mark predictions and filled circles the
true positions; the close overlap reflects the overall 0.39-pixel mean absolute error (normalized MSE 0.0083)

Fig. 8 On-device real-time inference loop. Acquisition, J-
filter preprocessing, a single quantized inference, and output
all complete within the 100ms inter-frame interval of a 10Hz
sensor

full-precision model, and it preserves 99.75% accuracy

and 0.39-pixel error. At 126KB the network fits within

the 520KB SRAM and 4MB flash of a Seeed XIAO

ESP32-S3 device with headroom for the runtime and
tensor arena. The localization head is as robust to quan-

tization as the classifier, which is not guaranteed for

small networks with tight value ranges and is a useful

empirical finding for this sensor class.

The INT8 TFLite model was deployed on a Seeed

XIAO ESP32-S3 paired with the AMG8833 for end-
to-end validation. Two logging modes ran in parallel:

raw 8×8 frames streamed to a host for archival, and

on-device J-filter plus TFLite inference with predicted

class label and (x, y) coordinate written to CSV. A total

of 4,752 frames were collected (1,561 No Object; 1,524

Object; 1,667 Object with Fire). Table 7 and Fig. 9

summarize classification; per-class localization errors

are 1.71 px (No Object), 1.74 px (Object), and 0.72 px

(Object with Fire), for a mean of 1.39 px (Fig. 7 gives the

controlled baseline). Overall accuracy is 81.52% with

macro-F1 of 0.82. The Object with Fire class shows

the smallest real-world degradation: localization error

rises by only 0.03 px relative to the controlled test set
(∼0.69 px→ 0.72 px), because the high thermal contrast

of a heat source anchors the dominant-pixel centroid
even under unconstrained ambient conditions. The gap

Table 6 Quantization and deployment comparison. Test accu-
racy, macro-F1, localization MAE, and stored model size. The
TensorFlow Lite INT8 row targets microcontroller deployment

Format Acc. F1 MAE Size
(%) (%) (px) (KB)

PyTorch FP32 99.75 99.75 0.39 466
PyTorch FP16 99.75 99.75 0.39 240
PyTorch INT8 99.75 99.75 0.39 420
TFLite FP32 99.75 99.75 0.39 454
TFLite INT8 99.75 99.75 0.39 126

Table 7 Per-class classification report on 4,752 real-world
frames captured during live ESP32-S3 deployment (INT8
TFLite model). Compare with the controlled test-set report
in Table 5.

Class Prec. Recall F1 Support

No Object 0.81 0.87 0.84 1,561
Object 0.78 0.83 0.80 1,524
Object with Fire 0.86 0.76 0.81 1,667

Accuracy 81.52% (4,752 frames)
Macro avg 0.82 0.82 0.82 4,752
Weighted avg 0.82 0.82 0.81 4,752

between the in-domain ceiling (99.75% accuracy, 0.39 px

MAE) and these live figures reflects mounting-angle

variation, ambient drift across sessions, and occupant
behaviour absent from the training distribution; the live

numbers therefore mark a practical deployment floor

distinct from the held-out test-set ceiling.

5.4 Cross-dataset generalization

A model that only works on its own recording condi-

tions is of limited use, so we tested transfer to two

external thermal-array corpora: LINAIGE [30], an 8×8
dataset, and a 32×24 MLX90640 dataset [31]. Three
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Fig. 9 Confusion matrix on 4,752 real-world frames collected
during live ESP32-S3 deployment. Off-diagonal mass is higher
than in the controlled test set (Fig. 6) and is concentrated in
the No Object↔Object direction.

Table 8 Cross-dataset generalization. Accuracy under zero-
shot transfer, fine-tuning, and five-fold cross-validation; the
in-domain result is shown for reference

Dataset Protocol Acc. Macro-F1

In-domain (ours) 3-class 99.75 99.75

LINAIGE
Zero-shot 77.00 76.91
Fine-tuned 96.40 96.40
5-fold CV 95.72± 0.39 95.72± 0.39

MLX90640
Zero-shot 46.09 35.60
Fine-tuned 81.82 81.82
5-fold CV 76.82± 2.53 76.76± 2.55

protocols were used: zero-shot inference with the frozen

model, fine-tuning on the target data, and five-fold

cross-validation, with results in Table 8. The fine-tuning

dynamics for both corpora are shown in Fig. 10.

The pattern is informative. On the same 8×8 ge-

ometry (LINAIGE) the frozen model already classifies

77% of frames, and a light fine-tune lifts it to 96.4%,

with five-fold cross-validation confirming stability at

95.7%± 0.39%. Transfer to the 32×24 MLX90640 sen-

sor is weaker zero-shot (46.1%), which is unsurprising

given the different resolution, optics, and scene statis-

tics; fine-tuning recovers performance to 81.8%. We read

this as evidence that the learned features capture gen-

uine thermal structure that transfers within the sensor

class, while a resolution and domain shift still requires

adaptation, a realistic rather than inflated account of

generalization.

Table 9 Ablation study. Each row modifies one component
of the full model. Acc.: test accuracy; MAE: localization error
in pixels

Category Variant Acc. (%) MAE

– Full model 99.75 0.39

Preproc.
No J-filter 99.13 0.54
No normalization 99.88 0.38

Arch.

No batch norm 99.33 0.45
No dropout 99.67 0.34
Single conv/block 99.58 0.43
Half channels 99.63 0.51
No conv3 + GAP 99.67 0.34

Multi-task
Classification only 99.79 1.72
Localization only 34.88 0.14
Weighted loss 99.79 0.26

Training
No weight decay 99.58 0.48
No scheduler 99.71 0.37

5.5 Ablation study

To attribute performance to specific choices we removed

or altered one component at a time and retrained, group-

ing the twelve variants into preprocessing, architecture,

multi-task, and training categories (Table 9).

Several effects stand out. Removing the J-filter is

the single most damaging preprocessing change, raising

localization error from 0.39 to 0.54 pixels and lowering ac-
curacy, which confirms that background subtraction, not
normalization, carries the preprocessing benefit. Among

architectural cuts, dropping batch normalization and

halving the channels both hurt, while the half-channel

model is interesting for deployment: it loses little accu-

racy but degrades localization, a trade a designer could

accept if memory were even tighter. The multi-task rows
are the most telling. A classification-only model matches

our accuracy but its localization collapses to 1.72 pixels,

and a localization-only model localizes slightly better yet

cannot classify at all (34.9%, near chance). Joint train-

ing therefore buys accurate localization at no cost to

classification, the central justification for the dual-head

design. An explicitly weighted loss improves localization

further (0.26 pixels) at equal accuracy, which we note as

a worthwhile refinement rather than adopt by default,

since it reintroduces a hyperparameter.

6 Discussion

The results support a narrow but useful claim: joint

classification and localization on native 8×8 thermal

frames is workable, fast, and small enough for embedded

deployment, provided preprocessing preserves relative

heat structure. The real-time picture is favorable on
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Fig. 10 Fine-tuning dynamics on the external corpora. Training and test loss (top) and accuracy (bottom) over fine-tuning
epochs for LINAIGE and MLX90640; the dashed line marks the epoch at which the backbone is unfrozen. The small train–test
gap indicates adaptation without overfitting

every axis the journal cares about: about 1.5MMACs

and 2.7ms per frame against a 100ms budget, and a
126KB INT8 model that fits commodity microcontroller

memory without accuracy loss.

Some limitations bound these conclusions. The pri-

mary dataset was collected in a single controlled indoor

setting, and the fire class uses a controlled heat source

rather than open flame, so the absolute numbers should

be read as an in-domain ceiling; the cross-dataset study

is our attempt to probe beyond that ceiling, and it shows

both encouraging same-geometry transfer and the ex-

pected drop across a resolution shift. Live deployment

on the ESP32-S3 provides an additional data point

between the in-domain ceiling and the cross-dataset

transfer results. The 18-percentage-point accuracy gap

(99.75% to 81.52%) and the roughly three-fold local-

ization error increase (0.39 px to 1.39 px) are consistent

with the controlled-versus-real-world gap documented

in embedded sensing literature: unconstrained mount-

ing geometry, ambient temperature drift across sessions,

and diverse real-world occupant behaviour all introduce

noise absent from the training distribution. The Object

with Fire class proves the most robust under live con-

ditions: its localization error degrades by only 0.03 px

(0.69 px to 0.72 px), demonstrating that high thermal

contrast between the heat source and background is

sufficient to preserve centroid accuracy even when other

real-world conditions shift. The model localizes a single

dominant source per frame, so multi-occupant scenes
are out of present scope. Each frame is treated indepen-

dently, which discards the temporal cues available at

10Hz; a sequence model could capture entering, leaving,

or falling, at some memory and latency cost on the tar-

get device. Functional on-board inference is validated on

the ESP32-S3 (Sect. 5.3); per-frame cycle time on the

microcontroller was not profiled separately here, so dedi-

cated on-device latency measurement remains a natural
next step alongside temporal modelling. The ablation

also points to a concrete improvement (an explicitly

weighted multi-task loss sharpened localization) that we

report transparently rather than fold silently into the

headline model.

7 Conclusion

We presented JFilterLocalizationCNN, a lightweight

dual-head convolutional network that classifies an in-

door thermal scene into three categories and localizes the

dominant heat source directly on the raw 8×8 output of
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an AMG8833 Grid-EYE sensor. A J-filter removes the

ambient offset and per-frame normalization stabilizes
training while preserving the spatial signatures local-
ization needs. On 12,000 balanced frames the model

attains 99.75% accuracy and 0.39-pixel localization error

in a single forward pass costing about 1.5MMACs and

2.7ms, and post-training INT8 quantization compresses

it to 126KB, a 3.7× reduction with no measurable
degradation, so it fits a microcontroller-class memory
budget. Live deployment on a physical XIAO ESP32-

S3 across 4,752 real-world frames yields 81.52% overall
classification accuracy (macro-F1=0.82) and a mean

localization error of 1.39 px, providing a practical perfor-
mance baseline that complements the controlled-dataset

ceiling. Cross-dataset experiments show that the learned

features transfer within the same sensor geometry and

adapt with fine-tuning across a resolution shift, and

an ablation isolates background subtraction and joint

training as the components that matter most. Useful
perception, in other words, is achievable at a resolution

most vision pipelines would discard, which is precisely

what makes privacy-preserving, real-time indoor moni-

toring on inexpensive hardware plausible.
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