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Abstract—Batteries are essential for various applications, in-
cluding electric vehicles and renewable energy storage, making
safety and efficiency critical concerns. Anomaly detection in bat-
tery thermal images helps identify failures early, but traditional
deep learning methods require extensive labeled data, which is
difficult to obtain, especially for anomalies due to safety risks
and high data collection costs. To overcome this, we explore
zero-shot anomaly detection using Visual Question Answering
(VQA) models, which leverage pretrained knowledge and text-
based prompts to generalize across vision tasks. By incorporating
prior knowledge of normal battery thermal behavior, we design
prompts to detect anomalies without battery-specific training
data. We evaluate three VQA models (ChatGPT-4o, LLaVa-13b,
and BLIP-2) analyzing their robustness to prompt variations,
repeated trials, and qualitative outputs. Despite the lack of fine-
tuning on battery data, our approach demonstrates competitive
performance compared to state-of-the-art models that are trained
with the battery data. Our findings highlight the potential of
VQA-based zero-shot learning for battery anomaly detection and
suggest future directions for improving its effectiveness.

Index Terms—anomaly detection, zero-shot, visual question
answering, thermal image, battery

I. INTRODUCTION

Batteries have become an essential part of modern technol-

ogy, supporting a wide range of applications. In the automotive

industry, they serve as the core energy source for electric vehi-

cles, replacing traditional gasoline-powered engines known for

their adverse effects on human health and the environment [1].

In renewable energy systems, batteries store electricity gener-

ated from wind and solar power [2]. Given their widespread

use, ensuring battery safety is crucial. Anomaly detection plays

a key role in the early identification of potential battery failures

[3] while also contributing to efficiency [4]. Since temperature

is one of the key parameters in battery monitoring [5], our

work focuses on anomaly detection in battery thermal images.

Anomaly detection with deep learning has been widely used

in various vision applications [6], [7]. However, collecting

data, especially anomalous data, can be challenging, particu-

larly in battery applications where it may pose safety risks. As

a result, supervised learning methods that require anomalous

data are difficult to implement. To address this, recent methods

have focused on training with only normal data [8]. However,
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even collecting normal/non-anomalous data is expensive [9],

[10], such as the time cost of cycling through the battery

charge and discharge phases. Therefore, we aim to explore

whether zero-shot learning can be a viable alternative to detect

anomalies without any battery training data.

Visual Question Answering (VQA) pretrained with a large

amount of data has been utilized for zero-shot learning in many

vision applications due to its strong generalization capability

[11]–[13]. It uses text prompts to perform tasks in vision-

based applications. For our purpose, we have prior knowledge

of what a normal battery should look like. As mentioned in

[8], a normal battery should have a homogeneous thermal

distribution and should not overheat (i.e., the temperature stays

below a certain threshold). Therefore, we design a prompt

exploiting this information as a context to detect anomalies

in a zero-shot manner, as illustrated in Figure 1(a).

In this work, we explore three VQA models (ChatGPT-

4o [14], LLaVa-13b1 [15], and BLIP-22 [16]) for zero-shot

anomaly detection in battery thermal images. We analyze their

variability across different rephrased prompts, repeated trials,

and qualitative behaviors to identify their strengths and weak-

nesses. Our simple yet effective approach is compared with

state-of-the-art (SOTA) models specifically trained on battery

data, and we find that our method remains competitive despite

not being fine-tuned on battery data. Finally, we conclude with

key findings and discuss potential future research directions

based on our observations.

Paper organization: We discuss related work in Section II.

The method is detailed in Section III. Section IV covers the

experimental setup and results. Finally, our conclusion and

future work are presented in Section V.

II. RELATED WORK

The two most related works to our study are Zhang et

al. on zero-shot vision anomaly detection using VQA [12]

and Shabayek et al. on anomaly detection in battery thermal

images [8]. Zhang et al. focus on industrial anomaly detection,

assuming the presence of anomalous regions that differ from

their surroundings. Their approach utilizes super-pixels to

define these regions, which is particularly effective for detect-

ing scratches or defects in real-world photographic images.

1https://replicate.com/yorickvp/llava-13b
2https://replicate.com/andreasjansson/blip-2
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Prompt

This is a thermal image of a battery. 

The colormap is ["black", "blue", "cyan", "yellow", "orange", "red", "white"] 

with temperature range from 25 to 60. 

A normal battery will have:

1. Even and smooth thermal distribution without any hot spots or cold spots; and

2. Temperature less than 50

Is the attached image a normal battery? a) Yes b) No

Output (ChatGPT-4o)

Based on the information provided about the thermal image of the battery and the 

criteria for a normal battery:

Even and smooth thermal distribution: The image shows a relatively even 

distribution, without significant visible hot spots or cold spots.

Temperature less than 50°C: Since the red and white areas in the colormap 

correspond to higher temperatures, and the center of the battery seems to 

approach white (indicating temperatures closer to 60°C), it appears that the 

battery has exceeded the 50°C threshold.

Conclusion:

b) No, the battery is not normal due to the temperature exceeding 50°C.
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Fig. 1: (a) Our proposed zero-shot anomaly detection method takes a text prompt and a thermal image as input. The text

prompt includes information about the type of image provided (introduction), the colormap range and color, prior knowledge

of normal battery characteristics, and the query. (b) Illustration of the colormap used in the thermal image.

TABLE I: Five different prompts are used in this work. The first prompt is handcrafted, while the second to fifth prompts are

rephrased using ChatGPT-4o based on the first prompt.

Prompt 1 Prompt 2 Prompt 3 Prompt 4 Prompt 5

This is a thermal image of a
battery.

The colormap is [”black”,
”blue”, ”cyan”, ”yellow”,
”orange”, ”red”, ”white”] with
temperature range from 25 to
60.

A normal battery will have:
1. Even and smooth thermal
distribution without any hot
spots or cold spots; and
2. Temperature less than 50

Is the attached image a
normal battery? a) Yes b) No

This is a thermal image of a
battery.

The color scale used is
[”black”, ”blue”, ”cyan”,
”yellow”, ”orange”, ”red”,
”white”], representing a
temperature range of 25 to
60°C.

A normal battery should
exhibit:
1. A smooth and even thermal
distribution without any hot or
cold spots.
2. A maximum temperature
below 50°C.

Does the attached image
indicate that the battery is
normal?
a) Yes
b) No

This thermal image shows a
battery.

The colormap used includes
[”black”, ”blue”, ”cyan”,
”yellow”, ”orange”, ”red”,
”white”], representing
temperatures ranging from
25°C to 60°C.

A normal battery should
exhibit:
1. An even and smooth thermal
distribution, free of hot or cold
spots; and
2. A temperature below 50°C.

Based on the attached image,
is this battery normal?
a) Yes
b) No

The attached thermal image
displays a battery with the
following colormap: [”black,”
”blue,” ”cyan,” ”yellow,”
”orange,” ”red,” ”white”],
corresponding to a temperature
range of 25 to 60.

A normal battery should
meet these criteria:
1. A smooth and even thermal
distribution with no hot spots
or cold spots.
2. A temperature below 50.

Based on this information,
is the battery in the image
normal?
a) Yes
b) No

This thermal image represents
a battery.

The colormap ranges from
”black” to ”white” ([”black”,
”blue”, ”cyan”, ”yellow”,
”orange”, ”red”, ”white”])
corresponding to a temperature
range of 25°C to 60°C.

For a battery to be considered
normal:
1. It should exhibit an even and
smooth thermal distribution
without any hot or cold spots.
2. The temperature should
remain below 50°C.

Based on these criteria,
does the attached image show
a normal battery?
a) Yes
b) No

However, due to the gradient nature of thermal images of

batteries, this method may not be as effective for our purpose.

Additionally, overheating anomalies without distinct hot or

cold spots do not conform to the assumption of detectable

regional differences. Instead, we leverage prior knowledge of

normal thermal image characteristics to identify anomalies.

Shabayek et al. use normal thermal images to train a

model with pseudo-anomaly feature augmentation, simulating

artificial defects. However, their method still requires training

data, which can be costly and time-consuming to collect. To

overcome this limitation, we propose a zero-shot approach

that eliminates the need for training data while still enabling

effective anomaly detection.

III. METHODOLOGY

The overall method is illustrated in Figure 1(a). The VQA

model takes a text prompt and a thermal image as input.

Adding context to the prompt has been shown to improve VQA

performance in previous works [12], [17]. In our approach,

the context includes an introduction to the type of image,

the colormap used in the thermal image (as illustrated in

Figure 1(b)), and prior knowledge of the normal thermal

pattern. The prior knowledge specifies two key characteristics

of normal images, as defined in [8]: a temperature below the

50 degree Celsius threshold and a smooth thermal distribution

without distinct hot or cold spots. The query is the question

related to anomaly detection. Since we utilize prior knowledge

of normal data, we formulate the query to ask whether the

image is normal or not.

As different prompts may generate different results [18], we

create four more prompts rephrased from our first handcrafted

prompts. Table I shows all prompts we use in this method.

Prompt 1 is our handcrafted prompt. Prompt 2 to 5 are

rephrased by ChatGPT-4o from Prompt 1.

This process is performed using a VQA model [14]–[16]

pretrained on a large amount of generic data available online.

We do not train or fine-tune the model with battery thermal

images, making this a purely zero-shot approach. Despite its

simplicity, our method remains effective, demonstrating com-

petitive performance compared to specialized models trained

on battery data.
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(a) Normal (b) Overheating (c) Reflection (d) Spatial tape

Fig. 2: Samples from the test set proposed in [8]. It consists of normal images and three types of anomalies: overheating,

reflection, and spatial tape. (a) Normal images show a smooth gradient and a temperature below the threshold. (b) Overheating

images exhibit high overall temperatures, even without distinct hot or cold spots. (c) Reflection images display an uneven

distribution with hot spots and abnormally high temperatures. (d) Spatial tape cases show cold spots.

TABLE II: Accuracy (Acc.) (%) averaged (Avg.) over multiple trials, range (max - min) (%) of accuracy across multiple trials,

and the percentage of unsure predictions across all trials. Tested on different test set splits with various prompts and VQA

models. The number of trials is 5, 3, and 3 for ChatGPT-4o, LLaVa-13b, and BLIP-2, respectively.

Model ChatGPT-4o [14] LLaVa-13b [15] BLIP-2 [16]

Prompt 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Avg. Acc. (all) 73.0 82.3 71.0 79.7 82.3 58.3 55.6 68.9 63.3 52.2 55.0 55.0 55.0 55.0 88.3

Avg. Acc. (normal) 42.2 63.0 37.8 60.0 75.6 11.1 2.5 93.8 29.6 6.2 0 0 0 0 74.1
Avg. Acc. (anomaly) 98.2 98.2 98.2 95.8 87.9 97.0 99.0 48.5 90.9 89.9 100.0 100.0 100.0 100.0 100.0

Avg. Acc. (overheating) 98.5 100.0 100.0 98.5 100.0 92.3 97.4 10.3 87.2 97.4 100.0 100.0 100.0 100.0 100.0
Avg. Acc. (reflection) 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 86.1 100.0 100.0 100.0 100.0 100.0
Avg. Acc. (spatial tape) 95.0 92.5 92.5 85.0 50.0 100.0 100.0 33.3 83.3 83.3 100.0 100.0 100.0 100.0 100.0

Range Acc. (all) 5.0 5.0 16.7 6.7 5.0 3.3 1.7 10.0 3.3 10.0 0.0 0.0 0.0 0.0 0.0

%Unsure (all) 1.0 0.0 0.7 2.7 0.0 9.4 1.7 0.0 41.7 0.0 0.0 0.0 0.0 0.0 0.0

Image ChatGPT-4o LLaVa-13b BLIP-2

The thermal image of the battery shows a significant hot spot in red and white 

areas, indicating temperatures well above the normal maximum of 50°C and an 

uneven thermal distribution.

Based on the criteria provided, this battery is **not normal**.

Answer: **b) No**

Based on the image, the battery appears to be abnormal, as it 

exhibits a hot spot in the center. This suggests that the battery 

might be overheating or experiencing some internal issues, which 

could potentially lead to performance problems or even damage. 

The temperature of the hot spot is significantly higher than the 

surrounding areas, indicating that it is not a normal thermal 

distribution. Therefore, the answer is b) No.

b)

Fig. 3: Output examples for normal and anomalous data from the three VQA models: ChatGPT-4o [14] (Prompt 2), LLaVa-13b

[15] (Prompt 3), and BLIP-2 [16] (Prompt 5). ChatGPT-4o and LLaVa-13b provide explanations in addition to their predictions,

while BLIP-2 only generates the final prediction.

IV. EXPERIMENTS

A. Dataset

We use the real battery thermal image dataset from [8],

evaluating our zero-shot method solely on the test set (Fig-

ure 2). The dataset comprises four subsets: (a) normal, (b)

overheating, (c) reflection, and (d) spatial tape.

Due to safety concerns, anomalies in (b)–(d) are artificially

generated. Overheating images simulate high temperatures

(>50°C) with a smooth distribution. Reflection images come

from unpainted batteries, creating hot spots and uneven tem-

peratures. Spatial tape images simulate cold spots on unpainted

areas. The dataset includes 27, 13, 12, and 8 images for

normal, overheating, reflection, and spatial tape, respectively.

B. Experiment setup

For each image and text prompt pair, we repeat the ex-

periment five times for ChatGPT-4o and three times for the

other models. The temperature for the LLaVa-13b model

is set to 0.1. Unsure predictions can occur in a few cases

(Section IV-C7 for further details) and are considered anomaly

class predictions, as this approach makes more sense in terms

of safety.

C. Results

We discuss the quantitative and qualitative results of our

experiments in this subsection.

1) Output examples: Figure 3 shows output examples

from the three VQA models on normal and anomalous data.

ChatGPT-4o and LLaVa-13b also provide explanations before

making the final anomaly detection prediction. These explana-

tions can be used to further analyze the model, for example,

to understand the reasoning behind incorrect predictions.

2) Accuracy across different models: Table II presents the

accuracy (%) averaged across multiple trials for different

models (Avg. Acc.). Overall, ChatGPT-4o achieves the high-

est accuracy among the tested VQA models. Averaging the

Avg. Acc. across five different prompts on the entire test

set, ChatGPT-4o, LLaVa-13b, and BLIP-2 achieve 77.66%,

59.66%, and 61.66%, respectively. These results highlight the

importance of selecting an appropriate VQA model.

3) Accuracy across different prompts: Table II shows that

Avg. Acc. varies across five prompts, with a range (min-max)

across prompts of 11.3% (ChatGPT-4o), 16.7% (LLaVa-13b),

and 33.0% (BLIP-2). This highlights the sensitivity of perfor-

mance to prompt selection, making it a key hyperparameter in

model selection.

4) Accuracy on normal versus anomaly: As seen in Ta-

ble II, Avg. Acc. tends to be higher for anomalous data,

suggesting a bias toward false positives. This can be caused

by normal data must satisfy both prior knowledge conditions,

so misclassification of either can lead to incorrect predictions

(Figure 4(a)-(b)). In Figure 4(a), subtle color changes on the
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Image

Ground truth Normal Normal Normal Anomaly

Prediction Anomaly Anomaly Anomaly Normal

Smooth thermal distribution No Yes No Yes

Temperature below threshold Yes No No Yes

(a) (b) (c) (d)

Fig. 4: Samples of incorrect predictions in ChatGPT-4o, with the detected condition from the prior knowledge indicated in its

explanation. Red text represents incorrect predictions, while green text represents correct predictions.

Image

Ground truth Anomaly Anomaly

Prediction Anomaly Anomaly

Smooth thermal distribution No No

Temperature below threshold No No

(a) (b)

Fig. 5: Samples of correct predictions in ChatGPT-4o, with

incorrectly predicted conditions from the prior knowledge

indicated in its explanation. Red text represents incorrect

predictions, while green text represents correct predictions.

left part of the image may cause misclassification. In Fig-

ure 4(b), a temperature close to 50°C leads to an overheating

prediction. In addition to these cases, errors can also arise from

misclassifications in both conditions (Figure 4(c)).

Additionally, Figure 5 illustrates cases where reasoning

errors still yield correct predictions on anomalous data, lead-

ing to higher accuracy on anomalous data. For example, in

Figure 5(a), an incorrect anomaly attribution does not affect

the final outcome. Similarly, in Figure 5(b), a mistaken high-

temperature detection still leads to a correct prediction.

5) Accuracy on different types of anomalous data: Com-

paring Avg. Acc. (overheating), Avg. Acc. (reflection), and

Avg. Acc. (spatial tape) in Table II, the reflection case appears

to be the easiest to detect. This is because reflection anoma-

lies exhibit both uneven thermal distribution and overheating

conditions, making them more distinguishable compared to

overheating and spatial tape cases, which involve only one

condition. In particular, the uneven distribution in spatial tape

cases can be very subtle, making it more difficult to detect, as

seen in Figure 4(d).

6) Accuracy fluctuations across different trials: We report

the range (max Acc. - min Acc.) across different trials in

Table II. Since accuracy varies between trials, conducting

multiple trials helps achieve more reliable predictions and a

better understanding of the model’s consistency.

7) Unsure cases: Table II reports the percentage of unsure

predictions (%Unsure) for each prompt and model, with most

coming from LLaVa-13b. Figure 6 illustrates cases where

the model either fails to determine conditions (Figure 6(a))

or detects conditions but does not provide a final prediction

(Figure 6(b)).

Image Response

I cannot directly analyze the thermal image from your uploaded file. If 

you can describe the specific features of the image (e.g., where certain 

colors like red or yellow appear), I can help determine if the battery is 

normal. Alternatively, you can provide more context or use external 

software to analyze the image and share the data with me.

Based on the thermal image, the battery appears to have a temperature 

of 50, which is within the acceptable range. However, the image also 

shows a hot spot in the middle of the battery, which could indicate a 

potential issue or irregularity. To determine if the battery is normal, a 

more detailed examination of the battery's condition and performance 

would be required.

(a)

(b)

Fig. 6: Samples of unsure predictions from the LLaVa-13b

model on (a) normal and (b) anomalous data.

TABLE III: AUC (%) comparisons with SOTA methods

trained on battery data, using either clean or noisy data. The

SOTA method results are taken from [8]. Our method is zero-

shot and therefore does not require any training data.

Method
clean train
AUC (%)

noisy train
AUC (%)

Method
clean train
AUC (%)

noisy train
AUC (%)

CFLOW-AD [19] 87.3 76.9 STFPM [20] 96.1 87.1
PatchCore [21] 99.0 77.4 CFA [22] 94.2 99.0
FastFlow [23] 100.0 79.3 DRAEM [24] 99.1 92.2
DFM [25] 99.6 80.3 SimpleNet [26] 100.0 97.7
EfficientAD [27] 100.0 81.0 FAUAD [8] 100.0 99.0
PaDiM [28] 99.6 86.3 Ours (zero-shot) 86.6

8) Comparisons to SOTA: We compare our method with

SOTA methods in Table III. Following [8], we evaluate

performance using the Area Under the ROC Curve (AUC

(%)). We report the AUC of ChatGPT-4o with Prompt 2,

averaged across five trials. Despite not using any training

data, our method remains competitive with SOTA approaches.

Furthermore, since our method does not rely on training data,

it is unaffected by noisy training data.

9) Increasing performance on normal data: One weakness

of this method is its performance on normal data. We believe

that the noisy background may contribute to an uneven thermal

distribution. Therefore, we apply rotation and cropping to the

test data to remove the background, as illustrated in Figure 7.

The results (Table IV) show that in some cases, prepro-

cessing significantly improves performance on normal data.

Although performance on anomalous data slightly declines,

the substantial improvement in normal data leads to an overall

performance increase. Thus, preprocessing thermal images is

one of the way to enhance performance.

V. CONCLUSION AND FUTURE WORK

We explore the possibility of zero-shot learning for anomaly

detection in battery thermal images using VQA with prior

knowledge of the normal data. Our findings suggest that
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Rotate 

+ crop

Fig. 7: To remove background noise

and enhance performance, especially

for normal data, the test data is

cropped and rotated.

TABLE IV: Comparison of Avg. Acc. (%) before and after pre-processing. We focus on

models and prompts that underperformed on normal data in Table II. The better perfor-

mance between before and after pre-processing is marked in bold. BLIP-2 performance

remains unchanged.

Before pre-processing After pre-proprecessing

Model ChatGPT-4o LLaVa-13b ChatGPT-4o LLaVa-13b

Prompt 1 3 1 2 4 5 1 3 1 2 4 5

Avg. Acc. (all) 73.0 71.0 58.3 55.6 63.3 52.2 83.0 82.3 63.9 56.7 68.3 51.1

Avg. Acc. (normal) 42.2 37.8 11.1 2.5 29.6 6.2 65.2 63.7 49.4 7.4 50.6 6.2

Avg. Acc. (anomaly) 98.2 98.2 97.0 99.0 90.9 89.9 97.6 97.6 75.8 97.0 82.8 87.9

this approach is promising despite its simplicity as it can

compete with SOTA methods even without any training data.

However, we identify several weaknesses. First, the method

struggles with normal data classification. One simple solution

is to preprocess the image to remove unnecessary background.

Future work can also incorporate one or a few normal data

samples as visual context, making it a one-shot or few-shot

approach. Second, predictions can fluctuate across trials, so

performing multiple trials is recommended for more reliable

results. Third, different prompts can yield varying outcomes,

making it necessary to identify the best prompt for each model.
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